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Abstract 

Active investors are always trying to find new ways of systematically beating the 
market. Since the advent of social media, this has become one of the latest areas where 
investors are trying to find untapped information to exploit through a technique called 
sentiment analysis, which is the act of using automatic text processing to discern the 
opinions of social media users.  
 
The purpose of this study is to investigate the possibility of using the sentiment of 
tweets directed at specific companies to construct portfolios which generate abnormal 
returns by investing in companies based on the sentiment. To meet this purpose, we 
have collected company specific tweets for 40 companies from the Nasdaq 100 list. 
These 40 companies were selected using a simple random selection. To measure the 
sentiment tweets were downloaded from 2014 to 2016, giving us three years of data. 
From these tweets we extracted the sentiment using a sentiment program called 
SentiStrength. The sentiment score for every company was then calculated to a weekly 
average which we then used for our portfolio construction.  
 
The starting point for this study to try and explain the relationship between sentiment 
and stock returns was the following theories: The Efficient Market Hypothesis, Investor 
Attention and the Signaling Theory. Tweets act as signals which direct the attention of 
the investors to which stocks to purchase and, if our hypothesis is correct, this can be 
exploited to generate abnormal returns.  
 
To evaluate the performance of our portfolios the cumulative non-risk adjusted return 
for all of portfolios was initially calculated followed by calculations of the risk adjusted 
return by regressing both the Fama-French Three-Factor model and Carhart’s Four-
Factor model with the returns for our different portfolios being the dependent variables. 
The results we obtained from these tests suggests that it might be possible to obtain 
abnormal returns by constructing portfolios based on the sentiment of tweets, using a 
few of the strategies tested in this study as no statistically significant negative results 
were found and a few significant positive results were found.  
 
Our conclusion is that the results seems to contradict the strong form of the Efficient 
Market Hypothesis on the Nasdaq 100 as the information contained in the sentiment of 
tweets seems to not be fully integrated within the share price. However, we cannot say 
this with confidence as the EMH is not a testable hypothesis and any test of the EMH is 
also a test of the models used to measure the efficiency of the market.  
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1.0 Introduction 

1.1 Problem Background 
In science fiction literature written by the likes of Isaac Asimov and Arthur C. Clarke in 
the early 20th century the future is often shown as a fantastical place with flying cars 
and technology beyond our wildest dreams. But as we all know, this is not the case. A 
possible reason behind this is that these authors foresaw a future where the problem of 
energy generation and conservation had been solved, and we had access to near infinite 
amount of it. But the technological evolution that has primarily occurred in the time 
since these authors wrote their most famous work is in the field of information 
technology, specifically how information is disseminated and absorbed.  
 
Very few people could have predicted the rate at which information technology has 
developed in the last 50 years, especially since the IT boom in 1990’s. Nowadays with 
instant access to near unlimited information through the internet and smartphones, and 
the ability to share your thoughts and knowledge with anyone anywhere in the world at 
any time, the opportunity to capitalize and exploit information is unprecedented.  
 
In today’s society social media plays a vital role in information generation about public 
opinion as well as information dissemination. Large social media platforms such as 
Facebook or Twitter have monthly usage numbers in the hundreds of millions (Statista, 
2017a & b) and many use these platforms to share opinions and get their news intake. 
Twitter is one of the largest social media platforms in the world and is capable of 
providing large scale information about opinions and news, which is why it is the focus 
of our study.  
 
Twitter is, more specifically, a microblogging platform where people are allowed to 
express their opinions via message posts of 140 characters or less. All posted tweets are 
publicly available and can be seen by any user. Twitter also allows for a lot of 
interaction between users, such as allowing users to follow each other and receive each 
other’s tweets directly on their front page. Users can also retweet, which means to post 
someone else’s tweet with your own comments, to spread it to their own followers. 
There is also the possibility to respond to posts, which allows for short-form 
communication between users. In order to specify the subject of a tweet and to allow for 
easier searching of tweets “#”, “@” and “$” are used as tags. A “#” specifies a certain 
keyword, such as an emotion, place, event, company, etc. “@” is used to direct a tweet 
toward a certain user and “$” is used in conjunction with a stock’s ticker symbol to 
specify a company or its stock. As an example, a tweet could look like: “@user123 did 
you see the #news before close last night? Crazy bull $AAPL”.  
 
To access the information generated about public opinion ‘sentiment analysis’ has 
become popular as a means to extract this information. Sentiment analysis, also called 
‘opinion mining’, is the process of using a computer to analyse text in order to 
understand the opinion behind it in a quick and accurate way. There are two major 
approaches for extracting sentiment from text automatically, the lexicon-based and the 
text classification-based approach (Kundi et al., 2014; Taboada et al., 2011; Pang et al., 
2002). Depending on the design, the lexicon based approach categorizes words into 
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positive, neutral or negative (Agarwal et al., 2011), or it can also give each word a 
numerical value which is then summarized into a total value for the entire text or 
sentenced being analysed (Kundi et al., 2014). The text classification approach, also 
called the machine learning approach, is based on using manually classified words, 
sentences and paragraphs to teach an algorithm how to decipher the sentiment of a text 
automatically (Su et al., 2016).  
 
Both methods of sentiment analysis have previously been adapted to several different 
areas of study in order to determine the predictiveness of opinions and mood on social 
media. The lexicon approach has been used by several different authors to analyse a 
variety of topics. Outside of finance, it has been used to improve the prediction of 
movie sales and movie box office results (Mishne & Glance, 2006; Asur & Huberman, 
2010) and to predict wins and point spreads in the Premier League (Schumaker et al., 
2016). In all three cases predictions were improved by the addition of sentiment data 
from social media, lending weight to the idea that social media sentiment carries real-
world value. The lexicon-based approach has also been used to assess the well-being of 
chinese people using text-analysis of blog posts (Qi et al., 2015) as well as been used to 
identify what in customer reviews actually affects sales (Liang et al., 2015).  
 
As the text classification approach is a more technically complex and time-consuming 
method for sentiment analysis it is less widely used tool for analysing text. This is 
because it involves a higher degree of technical competence to understand and 
effectively use the underlying algorithms which drive the text assessment. Nevertheless, 
text classification has been used in several cases. It has been used within the field of 
medicine and health care as both a practical and theoretical framework for tracking 
disease activity (Signorini et al., 2011) and evaluating health care quality using patient 
sentiment (Greaves et al., 2013; Alemi et al., 2012). It has also been used to extract 
sentiment from online reviews on a variety of topics (Wang & Zheng, 2012; Yin et al., 
2012; Ye et al., 2009).  
 
These method have also been used to conduct research in the area of finance. Most 
research has been related to how social media impacts the stock market. Several studies 
have been conducted by using blog content to try to predict stock market performance. 
Chen et al. (2014) examined how stock market performance could be predicted by using 
peer based advice generated from Seeking Alpha, while Yu et al. (2013) examined how 
sentiment analysis of blogs, forums and Twitter could be used to assess the return and 
risk of companies. In both cases it was found that sentiment of users was correlated to 
the return and risk.  
 
Like Yu et al. (2013) many researchers have chosen to use Twitter as the basis for their 
study as it is a highly popular social media site with numerous users. Several of these 
studies examine how Twitter can be used to predict the movements of an index and its 
constituents. Bollen et al. (2011) investigated how Twitter sentiment could be used to 
predict the movements of the Dow Jones Industrial Average index while Ranco et al. 
(2015) studied the effects of sentiment on the constituents of the DJIA. The former of 
the two concluded that certain sentiments could be used to accurately predict DJIA 
movements while the latter found similar results. The correlation between the S&P 500 
and the amount of times the S&P index was mentioned on Twitter was investigated by 
Mao et al. (2012) who found that including the data from Twitter improved the 
predictive power of their model.  
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As seen in the studies we have presented above, there seems to be firm support for the 
hypothesis that Twitter sentiment can be used to predict stock market movements. 
However, these studies are purely statistical and have not tested the application of this 
hypothesis in a more practical way, such as via an investment strategy.  
 
From a practical point of view this is a very interesting area of investigation since it will 
provide new information to the participants in the stock market about the usage of social 
media sentiment to develop profitable stock portfolios. If our hypothesis is correct it 
will increase the chance for traders who use this information to create abnormal returns.  
 
The Efficient Market Hypothesis (Fama, 1970) assumes that investors are rational and 
presents three different levels of market efficiency; strong, semi-strong and weak. In the 
strong form of market efficiency all information is included in the market price of a 
stock and there are no opportunities for abnormal returns. This hypothesis has been a 
hotly debated subject and many studies have been conducted with the purpose of testing 
the hypothesis in real-world situations. If the strong level of market efficiency applies, it 
would eliminate all opportunities for abnormal returns. However, there have been 
several studies that investigate, or questions, the strong form market efficiency, 
especially in the field of behavioral finance, and many have come to differing 
conclusions (Shiller et al., 1984; Kahneman & Tversky, 1979).  
 
The idea behind active investing is that the market is not fully efficient. If it were, 
passive investing would generate the same or better returns as active investing. 
However, there are numerous strategies that active investors utilize to try and beat the 
market and earn abnormal returns, which stands in contrast with what EMH tells us. 
Several studies have been conducted to investigate whether certain investment strategies 
can be used to systematically beat the market and thus generate abnormal returns 
(Campbell & Shiller, 1988; Keim & Stambaugh, 1986; Campbell, 1987; Hirshleifer & 
Shumway, 2003; Uhl, 2014; Zhang & Skiena, 2010).  
 
Using qualitative information, such as the sentiment of a text, as the basis for a trading 
strategy is not an entirely new concept. As technology has developed and computers 
have gotten more powerful, the use of Big Data (Newman, 2016) has become more 
commonplace as a method for understanding and predicting the behavior of people as 
well as markets. Media sentiment, both social and conventional, as well as the sentiment 
found in corporate or analyst’s reports have been used by several authors as a trading 
strategy. Tetlock et al. (2008), Ferguson et al. (2015), Sinha (2010) and Zhang & Skiena 
(2010) have all used the sentiment of news articles to varying  degrees of success while 
Li (2006), Demers & Vega (2008) and Twedt & Rees (2012) analysed the contents of 
different company reports which mostly resulted in successful strategies.  
 
However, as only one of these articles used data from Twitter, and even that was a 
limited amount, we propose to investigate the possibility of using the sentiment of 
tweets as the determining factor in the construction of portfolios to evaluate the 
informational value and its ability to generate abnormal returns for the investor. This is 
expressed in the following research question. 
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1.2 Research Question 
Can Twitter sentiment be used to construct portfolios of stocks which generate 
abnormal returns on the Nasdaq 100? 

1.3 Purpose 

The purpose of this study is to investigate the possibility of using the sentiment of 
tweets directed at a specific company to construct a portfolio which generates abnormal 
return. As a sub-purpose this study will also investigate whether or not the sentiment 
scores generated in this study will correlate with the returns of the corresponding stock.  

1.4 Contribution 
This research would lead to increased knowledge and understanding of the possibility of 
using social media sentiment as a determining variable for the construction of stock 
portfolios which generate abnormal returns. Using previously established methodology, 
the research questions will be answered in an attempt to gain more insight into the effect 
of social media on markets. As this area of research is currently limited there is a large 
knowledge gap which we intent to help fill.  
 
More specifically we will investigate the practical application of the effects of social 
media on individual stocks by conducting a portfolio study. Where previous research 
has in most cases focused on the effects of social media sentiment on a stock index or 
individual stock our paper will bring the focus to portfolio construction and the ability 
to exploit sentiment to generate abnormal returns. This study will also provide evidence 
of the level of market efficiency present on the Nasdaq 100 list. 
 
This study will provide useful information to both institutional- and private investors as 
well as companies as to how Twitter sentiment can be used as an investment strategy 
and whether or not this would generate consistent abnormal returns.  

1.5 Research Boundaries 
In this paper the research will be limited by a number of constraints in order to ensure 
that its scope is within suitable parameters for this project. Most of the studies 
conducted within this area have been focused on the predictive power of sentiment with 
regards to the U.S. stock markets and indices (Bollen et al., 2011; Zhang et al., 2010; 
Ranco et al., 2015). This study, however, will focus on the process of using sentiment to 
construct portfolios which generate abnormal returns.  
 
The primary focus of this study will be on the construction and performance of these 
portfolios. They will be made up of 40 randomly selected companies from the Nasdaq 
100 list. The reasons for choosing companies from this stock index as our subjects of 
study are that they are often widely discussed in media, both conventional and social 
which helps ensure that the required amount of data is available. This is the primary 
reason for choosing to base the study on American stocks rather than, for example, 
Swedish stocks even though most studies within this field are conducted on the U.S. 
market.  
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For each of these 40 stocks tweets and price data will be collected for the time period 
2014-01-01 to 2016-12-31. The frequency of the data collection will vary with regards 
to the type of data. Stock prices will be collected as the daily opening price for each of 
the stocks during the period, resulting in approximately 1000 data points for each of the 
40 companies. The Twitter data, however, will be collected at the frequency at which 
they are available. This may result in an uneven amount of tweets for each day and 
company within our time constraint.  
 
The choice to conduct the study on 40 companies rather than the entire Nasdaq 100 list, 
which would give us a more reliable result, is that the time-constraint placed upon the 
writing process combined with the time it takes to download the Twitter data makes it 
unrealizable to acquire the required data to perform the sentiment analysis on all 100 
companies, therefore a sample of 40 seemed like the best course of action. Another 
reason is that the amount of data collected would be insurmountable.  
 
We have also chosen to limit our search terms regarding the collection of tweets. The 
search terms have been limited to a company specific ‘@’ and to the stock symbol in 
order to gather tweets related to a specific company. In some cases the stock symbol has 
not been appropriate to use because of the symbols commonality and in those cases we 
have instead used the full company name as a search term. We have chosen to set these 
boundaries because we wanted to get company and stock specific tweets since most 
previous studies have looked at this issue from a broader perspective. This limitation 
was also necessary to be able to create portfolios based on the sentiment of companies 
rather than doing a statistical study.  
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2.0 Research Philosophical Points of Departure 

2.1 Preconception  
Preconceptions and values are, according to Bryman, important considerations when 
conducting a study (2008, p. 44). This is because of the impact these intrinsic aspects of 
a person’s personality can have, both consciously and subconsciously, on the research 
process. Reflecting on these personality aspects in essential for identifying any possible 
bias the author might have. Identifying bias is crucial for maintaining an objective 
research process (Bryman, 2008, p. 44). 
 
We, the authors of this degree project are both students at the Umeå School of Business. 
The courses we have taken are quite similar. The first 3 semesters included introductory 
courses in business, statistics and economics. During the 3rd year we both studied 
abroad, one of us in Taiwan and the other one in Scotland. This has enlightened us to 
the diverse aspects of culture and business that can be found across the world. One of us 
has also studied finance at the undergraduate level and the other one accounting, this 
hopefully gives us a wider perspective on the problem at hand. Both of us have studied 
finance at the Master's level, which gives us a firm grasp of the inner workings of the 
financial market. We are both interested in computer science and coding, we do not 
however possess any real technical experience within this area. We both have basic 
understanding of how computer code works. The combined interest of finance and 
computer science is what lead us to this area of study.   
 
Outside of our academic experience we are both participants on the stock market, with 
one of us being the more active participant. This gives us an increased interest in the 
results of our study as it pertains to our personal lives. Our work experience within the 
financial sector is limited, but we consider this an advantage as it reduces our personal 
bias which could have been influenced by corporate standards.  
 
Our belief is that by demonstrating awareness of our preconceptions and their potential 
impact on our study we are able to avoid any instances of personal bias, and maintain 
objectivity while conducting our study which is important for the credibility of the 
results. 

2.2 Research Philosophy 

The choice of research philosophy is an important early step in the research process as it 
provides important assumptions about what knowledge is, and the process by which it is 
developed (Saunders et al., 2009, p. 108). There are two main disciplines within 
research philosophy which impact the way the researcher approaches the research 
process, epistemology and ontology (Saunders et al., 2009, p. 109).  
 
Epistemology is concerned with the view of what should and what can be considered 
knowledge in a certain field of study (Bryman, 2008, p. 29). An important aspect of 
epistemology is whether or not social reality should be studied in the same way as 
natural science is or if it even can be studied in the same way. The main areas of 
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epistemology are positivism and interpretivism. Positivism takes a philosophical 
standpoint much like the natural sciences with very clear structures and methodology 
based on hypothesis testing of data, resulting in generalizations and “laws” (Saunders et 
al., 2009, p. 112-114). Interpretivism, on the other hand, states that humans, as social 
actors, assign meaning and purpose to an event or occurrence which influences their 
response (Saunders, et al., 2009, p. 116). One of the primary arguments for 
interpretivism is that one cannot make generalizations about the complexity of human 
behavior.  
 
Ontology instead describes the nature of the world and how social actors and entities 
relate to one another (Saunders et al., 2009, p. 110). Within ontology there are two 
contending aspects which offer differing views on this relation, objectivism and 
subjectivism. These are two relatively simple concepts, where the first states that social 
entities are unrelated to actors and exist independently from them (Bryman, 2008, p. 
36), while the latter is of the differing view that these entities are social constructs 
created from the perceptions and actions of social actors (Saunders et al., 2009, p. 110).  
 
According to Saunders et al. (2009, p. 108-109), none of the approaches, within either 
epistemology or ontology, is inherently superior to another, however they are definitely 
better suited for different areas of research from one another. As our study is based on 
the analysis of primary data and data collected from credible sources to examine the 
possibility of abnormal returns by investing according to Twitter sentiment the choices 
of research philosophies seems clear. By adopting an objectivistic and positivistic 
research approach for this study, data observation will be conducted in a non-objective 
way which will allow for conclusions separate from social factors.  

2.3 Research Approach 
The choice of research approach is important as it provides the basis for the structure of 
the study and the nature of the relationship between theory generation and research. 
There are two major approaches when discussing research, inductive and deductive.  
 
The inductive approach is characterized by when an observed result is the cause for the 
generation of a theory (Bryman, 2008, p. 26). Often closely linked with interpretivism, 
research following the inductive approach often focuses intently on the social context of 
the study being conducted. This is often done by examining a smaller number of 
subjects with the focus being on the social environment in which the subjects interact in 
order to develop theories to explain observed behavior (Saunders et al., 2009, p. 126).  
 
The deductive approach is characterized by establishing hypotheses for testing an 
already existing theory (Bryman, 2008, p. 26). It follows, quite often, a structured 
process where a hypothesis is formed based on the results of previous studies and then 
tests are performed to either reject or keep the hypothesis in the hope of generating new 
results that will strengthen or weaken the evidence of the theory. Another key feature of 
the deductive approach is the use of statistics to generalize the results of a study to an 
entire population, which requires a sufficiently large sample (Saunders et al., 2009, p. 
125).  
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Figure 1: Deductive research approach 
 
The starting point for our study is the Efficient Market Hypothesis, and the generation 
of hypotheses for testing the theory that Twitter sentiment can be used to create value-
generating portfolios. By using data to confirm or reject these hypotheses we intend to 
follow the deductive research process as it is well suited for this type of study.  

2.4 Research Strategy 

There are two different types of data collection processes available for researchers: 
qualitative and quantitative (Bryman, 2008, p. 39). The main differences between the 
two is the manner with which the data is collected, and the quantity of data collected. In 
a qualitative study interviews, or careful observation of a small number of subjects, are 
often conducted to collect data. The reason for choosing to conduct a qualitative study is 
usually to try and explain or interpret an observed phenomenon (Bryman, 2008, p.40-
42). This method of research is closely linked with an inductive research approach. On 
the other end of the spectrum, we find quantitative methods for data collection. These 
often include using surveys, or secondary data, to collect large samples with which to 
try and add support to, or refute, an established theory.  
 
For our study, the most reasonable choice for us was to choose a quantitative 
methodology since we want to see if portfolios based on Twitter sentiment can generate 
abnormal returns. A quantitative method makes it possible to collect the large amounts 
of data required for the analysis. This also facilitates the generalization of the results to 
the entire population.  

2.5 Literature Search 
The literature search is a crucial part of conducting a study, mainly to find out what 
previous research has been done in the same field and to avoid conducting a study 
which contributes no new knowledge to the chosen field (Bryman, 2008, p. 97). A 
thorough literature search is also helpful as it allows you to take advantage of work 
others have done before you.  
 
Another important aspect of the literature search is to not simply offer a comprehensive 
overview of the literature to the reader but also to discuss and relate the work to your 
own study (Saunders et al., 2009, p. 63). This is important because it not only 
demonstrates your ability to repeat information but also to offer it in a context relevant 
to the topic of your own study. This was especially relevant for our study as the subject 
of our study was relatively untouched, meaning that information from a number of 
sources had to be adapted to fit our context. 
 
We began the literature search by using search words such as ‘Twitter’, ‘stock market’, 
‘aktier’ on Google Scholar and Business Source Premier. Using these search words we 
found a number of papers regarding the relationship between Twitter and stock market 
movements and how it could be used to predict these movements, e.g. Bollen et al. 
(2011), Chen et al. (2014), Yu et al., (2013). These three studies acted as the foundation 
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of our literature review by giving us references to other relevant studies and introduced 
us to the concept of sentiment analysis. We then continued our literature search by using 
more specific search terms such as ‘sentiment analysis’, ‘correlation’, ‘causality’, 
‘behavioral finance’, ‘efficient market hypothesis’, ‘investor attention’, ‘swedish stock 
market’, ‘prospect theory’, ‘portfolios’, ‘portfolio strategy’, ‘investment strategy’, etc. 
The search resulted in a large number of both technical and theoretical articles within 
the field of sentiment analysis and stock market prediction which provided a stable 
foundation for our study. We also found a literature review on the subject of sentiment 
analysis published by Kearney and Liu (2014), which provided several valuable 
references for sentiment-based trading strategies. We only found one student paper on 
DiVA which provided us with two valuable pieces of insight: that this area is a 
relatively new field of study, especially amongst students.  
 
The literature review revealed a few gaps in the knowledge which we found interesting. 
Firstly, that the majority of studies within this field have focused primarily on the 
predictive power of Twitter sentiment and used statistical methods to measure 
correlation and causation. Secondly, these studies often focus on indices rather than 
individual companies. This gave us the idea to direct our study to the impact of Twitter 
on individual companies and if this can be used to build portfolios which generate 
abnormal returns.  
 
These articles also expanded upon our technical knowledge of the processes required for 
conducting a sentiment analysis study. This is one of the key reasons behind conducting 
a literature review as it teaches you about tried and true methods actively used within 
the chosen field of study (Saunders et al., 2009, p. 61-62).  

2.6 Source Criticisms 
The majority of our sources are peer reviewed articles that have been published in 
scientific journals such as the Journal of Finance. We have in almost all cases used 
primary sources for the construction of the theoretical framework and the methodology 
used. This will hopefully increase the credibility of the study. All the sources used in 
this study have been collected from acknowledged sources of academic literature, such 
as Google Scholar, Business Source Premier and DiVA.  
 
Since the field we have chosen is relatively new almost all our articles have been 
written in the last decade, which should serve as an indicator that the subject we are 
studying is relevant in today’s business context. However, some of the articles we have 
used for the explanation of theories like the Prospect Theory, the Efficient Market 
Hypothesis and the Sharpe Ratio were written several decades ago. However, this has in 
our opinion no effect on the reliability of our study since these theories are as relevant 
today and have not changed much since they were first published.  
 
For the financial data used in this study we have chosen to collect it from Thomson 
Reuters Eikon. This is a computer software offered by Thomson Reuters, a mass-media 
and information company specializing in offering global financial information to 
companies all around the world. For this reason, and because of its popularity among 
researchers and analysts, we believe it to be a credible source of financial information.  
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3.0 Theoretical Frame of Reference 

3.1 Efficient Market Hypothesis  
The Efficient Market Hypothesis (EMH) is one of the most central theories of finance 
and comes from the view that the market should follow a random walk, i.e that there 
should be no correlation between the price today and the price yesterday. A sign of 
efficiency in a market is if information could be used to predict future changes people 
would take advantage of this and the prices would adjust and the abnormal return would 
disappear. EMH states that in a competitive market asset prices reflects all the available 
information regarding the assets at a specific time. This in turn leads to the conclusion 
that to beat the market on a consistent basis would not be possible since the prices 
already reflect all the available information (Brealey et al., 2011, p. 314-318). Since we 
have found scientific evidence for a causal relationship between Twitter sentiment and 
stock price movements (Bollen et al., 2011; Zhang et al., 2011) this implies that stock 
prices do, in fact, not follow a random walk as Fama suggests. The point of this study is 
to explore the possibility of exploiting this apparent failure of efficiency and use the 
predictive power of Twitter sentiment to systematically generate abnormal returns.  
 
In 1970, Fama wrote an article where he presented the Efficient Market Hypothesis. In 
this article he states that for the market to be fully efficient three conditions need to be 
fulfilled: the first condition is that there should be no transactions costs in trading 
securities, the second is that all available information should be available to everyone 
for free and the third is that all market participants agree on the implications of 
information on the stock price and distributions of future prices for each security (Fama, 
1970, p 387). He admits that this is not very likely to be true for markets in practice but 
goes on to argue that if enough market participants have access to available information 
that would be enough to create an efficient market. Fama goes on to argue that 
disagreement between investors about the implications of information does not in itself 
imply that the market is not efficient unless some investors can consistently make better 
evaluations with the available information (Fama, 1970, p 387-388). This is, in essence, 
what is known as the joint-hypothesis problem, which will be further explained in 
section 5.5.5. Basically, it is the problem that the EMH, as it stands, is not a testable 
hypothesis (Sewell, 2012, p. 165).  
 
EMH identifies three subcategories of market efficiency depending on how efficient the 
markets can be judged to be. These are the weak form, semi-strong-form and strong-
form of market efficiency (Fama, 1970, p. 383).  
 
In the weak form the information reflected in the price is only the historically available 
data concerning historical prices (Fama, 1970, p. 383). If the market is efficient in this 
sense it would not be possible to make abnormal returns by studying historical price 
patterns since all that information is already incorporated in the price (Brealey et al., 
2011, p. 317). In 1991, Fama updated the definition of the weak form to also include 
information about dividend yields and interest rates (p. 1576). 
 
In the semi-strong form of market efficiency the price should reflect and adjust to all 
obviously publicly available information (Fama, 1970, p. 383). In this form the prices 
will immediately adjust to obviously public information such as earnings, merger 
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proposals etc (Brealey et al., 2011, p. 317-318). We will however not be able to 
effectively argue against the semi-strong form of market efficiency, since in our opinion 
the sentiment of Twitter users is not obviously available information as a many step 
process is required to extract the information from the text content of tweets. One could 
however argue that sentiments would be obviously available information since there is 
an application in the Thomson Reuters Eikon system that shows social media 
sentiments, however we do not agree with that argument as the paywall for accessing 
Eikon is quite steep. 
 
In the strong-form of market efficiency the price should reflects all public and private 
information that can affect the stock price (Fama, 1979, p.383). If the market were to be 
regarded as having a strong-form of efficiency no investment strategy would be able to 
beat the market since all the information, both public and private, would already be 
incorporated in the price (Brealey et al., 2011, p. 318). This is why, in our study, the 
focus will be on arguing against the strong form of market efficiency.  
 
Bollen et al. (2011) questions the EMH and the fact that the stock market prices would 
follow a random walk and should not be able to be predicted with more than a 50% 
accuracy. Their results also shows that they were able to attain a predictive accuracy of 
87.6% on the ups and downs of the DJIA (Bollen et al., 2011, p. 6). This result suggests 
to us that the stock prices included in the DJIA do not move in a random fashion as 
EMH would suggest, but rather that it is possible to predict the market movements with 
a relatively high accuracy using sentiment analysis.  
 
If the market could be classified as strongly efficient it would in our case not be 
possible to generate abnormal returns by constructing a portfolio based on the Twitter 
sentiment. If we however are able to generate abnormal returns using the tweet 
sentiment it would mean that the market is not fully efficient. This is because it would 
in that case be possible to construct a portfolio of stocks with a positive (negative) tweet 
sentiment and by doing so earn abnormal returns.  

3.2 Portfolio Theory 
Developed by Markowitz (1952), the Portfolio Theory presents a theory for portfolio 
selection based on a rule which states that investors have to weigh expected return (E) 
against the variance of the return (V). Markowitz calls this the E-V rule and uses it to 
show that portfolio selection is, in essence, a trade-off between return and risk based on 
the investor’s preferences and statistical analysis (Markowitz, 1952, p. 91). Markowitz 
showed that investors can not be seeking maximum discounted returns as this would 
always result in non-diversified portfolios (Markowitz, 1952, p. 77-78). By defining the 
effect of diversification and its importance for efficient investment this theory has had 
widespread implications in the area of finance, especially with the development of 
different strategies for portfolio selection.  
 
Our method for constructing the portfolios we will use to attempt to find abnormal 
returns is through the use of Twitter sentiment. We are also interested in investigating 
whether constructing the portfolios will also decrease risk, i.e. the standard deviation of 
the portfolio. As our portfolios will not be constructed with the traditional E-V rule in 
mind, we will investigate whether or not the resulting portfolios are efficient to any 
degree, i.e. manage to reduce the non-systemic risk by a significant amount. If not, this 
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would suggest that the companies included in each portfolio are too intercorrelated for 
the creation of efficient portfolios and greater care would have to be put into the process 
of selecting which companies  on which to perform sentiment analysis in order to 
ensure sufficient diversification.  

3.3 Behavioral Finance 

Behavioral Finance is a relatively new field of study. Olsen (1998) describes Behavioral 
Finance as an area of study which is focused on attempting to explain investment 
decisions with the help of psychological and economical principles and by taking 
individual behavior into account. By doing so it diverges from traditional finance which 
assumes rational market participants. Although Behavioral Finance is nowadays an 
established area of research it lacks any central connecting theory and rather consists of 
a larger number of theories describing different and disparate aspects of the area. In 
order to attempt to explain the breakdown of the EMH shown in many articles, 
Behavioral Finance has stepped in to help explain the non-rational behavior exhibited 
by numerous investors. As we are attempting to exploit this irrationality for financial 
gain, ideas from Behavioral Finance will assist in the analysis of the results found and 
lend greater credence to the interpretation of these results.  
 
In 1979 Kahneman and Tversky wrote their seminal paper on Prospect Theory, which 
many consider the start of Behavioral Finance. But before that there were many 
indications of psychological effects on investment decisions. In 1949 Benjamin Graham 
wrote The Intelligent Investor and in this book he uses an allegory for market behavior 
which he calls Mr. Market. Mr. Market is a person who every day offers to buy an 
investor's share for a certain price and he describes Mr. Market as a person who often 
lets his enthusiasm and fear run away with him and suggest that the investor can take 
advantage of this behavioral pattern (Graham & Zweig, 2003, p. 205). This shows that 
even before Fama developed the EMH there were contending theories which tried to 
explain the behavior of the market, and that market participants were not rational.  
 
Loss aversion suggests that people feel more dissatisfied when losing than satisfied 
when winning, which means that people weigh gains and losses differently (Kahneman, 
Tversky, 1979). Loss aversion was demonstrated by Kahneman and Tversky (1979) in 
their paper on Prospect Theory which investigates how people make decisions under 
risk. They found that people underweight probable outcomes when comparing it with 
outcomes that are certain, this tendency is called the certainty effect and is said to be a 
contributing factor to risk aversion which, according to Kahneman and Tversky, states 
that people prefer stable guaranteed gains over risky guaranteed gains and risky 
guaranteed losses over certain guaranteed losses as this provides an opportunity for the 
loss to be diminished. Figure 2 contains an example of the value function for a loss 
averse person.  
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Figure 2: A hypothetical value function (Kahneman & Tversky, 1979) 
 
This theory could help us explain our results since if people weigh gains and losses 
differently they should react differently whether the news are positive or negative. If the 
loss aversion hypothesis is true we should see negative news having a larger effect than 
positive news since people can be expected to overreact to negative news and be more 
willing to sell and in that way drive down the price, since people will rather avoid losses 
than make gains (Brealey et al., 2011, p. 326). 
 
Shiller et al. (1984) suggests that stock prices are heavily influenced by social dynamics 
and claims that mass psychology could be a dominant cause of the price movements in 
the aggregate stock market. The explanation for this is given by real world 
psychological and sociological examples on how fashion and attitudes change and how 
this in turn can affect market prices. This idea stands in conflict with the Efficient 
Market Hypothesis since that theory expects market participants to be rational. The idea 
that social dynamics are a driver of pricing is in line with our hypothesis that positive 
(negative) sentiment in tweets would positively (negatively) affect the market price 
since we expect investors to be irrational to some extent and overreact to opinions 
expressed on Twitter.  
 
Uhl (2014) studied the interaction between Reuters news sentiment and stock returns. In 
this study he found that negative sentiment seems to have a higher influence on stock 
prices than positive sentiment and also that there is a longer lasting effect from negative 
sentiment than from positive (Uhl, 2014, p. 296). This study also contradicts the EMH 
since it seems as there is a way of obtaining abnormal return on a consistent basis by 
analysing the Reuter sentiment. The fact that negative sentiment seems to have a larger 
influence on stock prices than positive sentiment is also very interesting since it seems 
as market participants have a stronger reaction to negative news than positive. This 
seems to be in line with our idea of how Prospect Theory, Loss Aversion and Shiller’s 
theory of social dynamics should impact the stock market as there seems to be a 
tendency towards investor overreaction to negative news.  
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3.3.1 Investor Attention 
Since the 1950’s attention has been a central part of cognitive psychology, the study of 
mental functions (Kahneman, 1973, p. 2). The development of this area of study has led 
to several theories regarding the inner workings of attention. Treisman & Riley (1969, 
p. 1) found that when two different speech messages are competing for the perception of 
the listener attention is used to block out the secondary message and direct focus to the 
primary message. This suggests a limit to the amount of information a subject can 
perceive at any given time. This is a development of the filter theory which states that 
messages outside of the subject attention are never perceived and decoded (Kahneman, 
1973, p. 7). A second dimension of attention is intensity, which determines to what 
degree the subject is exhibiting attention (Kahneman, 1973, p. 3). Berlyne (1960) 
presented an analysis of this subject where he proposed that the main driver behind 
attention intensity was arousal and that the level of arousal was determined by the 
stimuli to which the subject was exposed. Using this as a foundation, Kahneman states 
that attention is a limited resource which can only be applied to a finite amount of 
cognitive procedures (Kahneman, 1973, p. 155).  
 
Peng & Xiong (2006) apply this theory of limited attention to investors’ ability to 
process information. They developed a model for optimal distribution of an investor’s 
attention over three separate, independent factors which drive dividend payout of the 
investor’s portfolio: market-, sector- and firm-specific drivers (Peng & Xiong, 2006, p. 
564). They find that an investor with a limited amount of attention gives a higher 
portion of it to market and sector specific information and a lesser portion to firm-
specific information. As the amount of attention decreases the fraction of attention 
allocated to firm-specific information also decreases until all attention is focused on 
market and sector information (Peng & Xiong, 2006, p. 565). This was, however, 
contested by Sinha (2010) who found that investors tend to underreact to the firm 
specific news of large companies, suggesting irrational attention allocation. Peng & 
Xiong also find that the investor often overestimates her capacity for information-
processing, and thereby overreacts to the implication of the identified payout drivers.  
 
The aggregate attention of investors is known as investor attention, or market sentiment, 
and several pieces of literature have been written which argue that investor attention has 
a significant effect on returns (Andrei & Hasler, 2015; Li & Yu, 2012). For this reason, 
several different methods have been developed for the purpose of measuring investor 
attention. Peterson (2016) offers a comprehensive breakdown of many of these methods 
in his book, Trading on Sentiment: The Power of Minds Over Markets. One common 
method accepted by the financial community is the use of surveys-based indices, most 
commonly the University of Michigan Consumer Sentiment Index and the Investor 
Intelligence survey (Peterson, 2016, p. 52). However, the method of greatest relevance 
to our study is sentiment analysis as this is the method we intend to employ to 
investigate where investors have focused their attention.  
 
By investigating the sentiment we intend to see whether or not investing based on shifts 
in the public sentiment, from positive to negative or vice versa, can be used as an 
effective trading strategy. This could indicate that investor attention shifts to the 
company in cycles, or in conjunction with events such as release of financial news, 
product reveals or scandals. Support for this was found by Ranco et al. (2015) and 
Sprenger et al. (2014) who both conducted event studies on the effects of Twitter 
sentiment on stock returns and found that events identified on Twitter reflects the timing 
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of the actual event, and sometimes precedes it, indicating information leakage (Sprenger 
et al., 2014, p. 819; Ranco et al., 2015, p. 18).  
 
This theory of investor attention can also be linked to Signaling Theory, where tweets 
with high polarity, i.e very positive or negative, draw the attention of investors who see 
the tweet as new information and act accordingly, without any substantial evidence. A 
similar idea was presented by Barber & Odean (2008) who proved that individual 
investors often buy attention-grabbing stocks as many have difficulty deciding between 
the large number of available investments. This is explored further in section 3.4. 

3.3.2 Signaling Theory 
Signalling described by Spence (2002) is when those with more information send 
signals believed to contain information to those with less information. His study was 
mainly focused on the job market but the idea is applicable to many other fields of 
study. The one with more information has to decide how to communicate and 
disseminate that information to the market and the one without complete information 
has to decide how to interpret it (Spence, 2002).  
 
Although Signalling Theory in its traditional form might not seem applicable to the way 
market participants react to information on Twitter one could see tweets as signals 
between market participants and also signals from companies to the market. Tweets 
from well-known investors or other prominent figures might send signals that can affect 
how the market moves. In our study we are not trying to locate specific tweets from a 
handful of Twitter users, instead we intend to investigate how the overall Twitter mood 
about certain companies can act as a signal which affects the stock price.  
 
However a small amount of users with many followers might be able to influence the 
“tone” for the overall sentiment since the information spreads very easily and quickly 
with the help of retweets and comments. There is some anecdotal evidence of this 
occurring, such as in 2013 when two fake accounts using the misspelled name of two 
well-known short-selling firms caused the stock price of Audience and Sarepta 
Therapeutics to drop 28 and 16% respectively (Wieczner, 2015). Since tweets spread 
very quickly the content might not always be double checked and it might have an 
effect on market prices if investors react quickly to it, especially if they believe it comes 
from a reliable source. Hypothetically these movements might be amplified by the use 
of robot traders which trades could be based on news feeds, this would probably 
amplify the reaction in a direction and return after the error is found. This probably 
affects investors in some way and we will see if we can take advantage of this by 
looking at the sentiment and construct portfolios based on that.  
 
Together with Investor Attention, we believe Signaling Theory will guide us in the 
attempt to explain the irrational behavior exhibited by investors and why Twitter 
sentiment seems to hold predictive power over market movements, something which 
should be impossible according to the EMH. Tweets act as signals which direct the 
attention of investors to the apparent information contained within, sometimes without 
any fundamental evidence of its importance, and causes irrational, or even foolhardy, 
investment decisions which are reflected in the stock price.  
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3.4 Multi-Factor Models 
The usage of Multi Factor Models for calculating the expected value of assets is based 
on the Arbitrage Pricing Theory developed by Stephen Ross (1976) which states that 
asset prices and returns are based on the risk premiums of a series of different factors 
which are subsequently weighted by a factor of β (Ross, 1976, p. 353). Ross does not 
offer any specific definitions of these factors but does define some of their properties 
(Ross, 1976, p. 355). The Arbitrage Pricing Theory was offered as an alternative to the 
Capital Asset Pricing Model (CAPM) developed by Sharpe (1964) in an attempt to 
improve the calculation of expected returns as CAPM has historically been a heavily 
disputed topic within finance (Blume & Friend, 1973; Fama & French, 1992; Fama & 
French, 1996; Dempsey, 2013).  
 
In their 1992 article, Fama and French summarize several problems and contradictions 
with the CAPM and reference to several studies which provide empirical evidence that 
disagrees with what the CAPM shows (Fama & French, 1992, p. 427-428). From this 
evidence, they test several different factors in an attempt to improve the predictions 
provided by the CAPM. They find that the size of the company and its book to market 
equity ratio are the most vital for the forecasting of expected prices (Fama & French, 
1992, p. 450). Using these two factors together with the original building blocks of the 
CAPM, Fama and French construct their Three-Factor Model (Bodie et al., 2014, p. 
427). 
 
An evolution of the Three-Factor Model presented by Fama & French (1992), the Four-
Factor Model attempts to improve the short-term return measurement by adding a fourth 
factor to explain the returns of a portfolio. Developed by Carhart (1997), the Four-
Factor Model uses an additional “momentum” factor in addition to the three factors 
presented by Fama & French. The momentum factor is based on empirical evidence 
presented by Jegadeesh and Titman (1993) that the performance of stocks tends to be 
sustained over several months. This result was obtained through a portfolio study using 
historical data from 1965 to 1989, which showed that buying well performing stocks 
and selling stocks performing poorly in the previous time period generated significant 
abnormal returns indicating that performance carried “momentum” (Jegadeesh & 
Titman, 1993, p. 89). Carhart found that including this factor in the Three-Factor Model 
improved its performance as a forecasting tool and offered greater explanations of the 
performance of Mutual Funds, which was the model’s original purpose (Carhart, 1997, 
p. 79-80), however, it has since become a common model for evaluating stock 
portfolios (Bodie et al., 2014, p. 433).  
 
The Three- and Four-Factor models by Fama, French and Carhart are all built from the 
same base, the CAPM, and use more factors to better explain the development of stock 
prices on financial markets. The four factors included in Carhart's’ model are detailed 
below:  

1. Market Risk Premium (MRP) 
a. The Market Risk Premium is the only factor included in the CAPM to 

forecast pricing, and represents the base for the Three- and Four-Factor 
Models. The MRP is the return that investors on markets around the 
world expect in excess of the risk-free interest rate (Groenendijk et al, 
2016, p. 4). In other words, it represents the payment that market 
participants expect in return for exposing themselves to risk. There are 
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several different sources for available for the MRP such as Aswath 
Damodaran’s website or the published research of different accounting 
agencies such as PwC or KPMG.  

 
2. Small market capitalization Minus Big market capitalization (SMB) 

a. The SMB factor used in both Fama-French’s and Carhart’s Models 
represents the effect the size of the firm has on price development. It 
demonstrates the excess return that is generated by firms with a lower 
market capitalization (Bodie et al., 2014, p. 340). It is calculated by 
grouping all companies in the dataset into two or more groups based on 
their market capitalization and then determining the average excess 
return that the smaller companies have over the large. Fama & French 
(1993, p. 8) initially divided the group in two at the 50th percentile, 
however research by Lambert & Hübner (2014) suggests that greater 
accuracy could be achieved by taking greater care when assembling the 
groups. 

 
3. High book to market ratio Minus Low book to market ratio (HML) 

a. The process here is quite similar to that of the SMB factor, however the 
groupings of firms in the dataset is here based on the Book-to-Equity 
(BE) ratio of the firms. This factor is the average excess return of 
companies with high BE-ratios over that of firms with low BE-ratios 
(Bodie et al., 2014, p. 340). Fama & French (1993, p. 54) found this to 
be the most predictive of the factors included in their model.  

 
4. Winners Minus Losers (WML) or Momentum (MOM) 

a. The MOM factor presented here is the factor which separates the Three- 
and Four-Factor Models from each other. The MOM represents the 
average excess return of firms with good returns in the last 12 months 
over the firms with poor returns in the same period (Carhart, 1997, p. 
61). The process for calculating the MOM factor is the same as for the 
SMB and HML factors, but with the grouping being based on 
performance in the last 12 months (Carhart, 1997, p. 61).  

 
As these variables have been shown to effectively explain the pricing of assets on 
several markets, especially in the U.S., we believe the Three- and Four-Factor models 
are best suited for use in our study. The models are also widely used by researchers 
within this field of study (Li, 2006; Tetlock et al, 2008; Twedt & Rees, 2012; Ferguson 
et al., 2015).  

3.5 Risk-Adjusted Performance Measures 

3.5.1 Jensen’s Alpha & Multi-Factor Alphas 
Introduced by Michael Jensen in 1968, Jensen’s Alpha is a measurement of the risk-
adjusted performance of a portfolio (Bodie et al., 2014, p. 840). It was developed as a 
response to the problem of evaluating a portfolio manager’s ability to generate abnormal 
returns through accurate prediction of future security prices based on the level of risk in 
a given portfolio (Jensen, 1968, p. 389). It is an often used measure within finance for 
the evaluation of portfolios because of its simple and accommodating nature, which 
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allows it to be adjusted to fit a number of different models. Like the Three- and Four-
Factor models, Jensen’s Alpha is, at its core, based on the CAPM (Jensen, 1968, p. 390) 
and uses an additional constant, α, which represents the abnormal return (Jensen, 1968, 
p. 393). As these models are build from the same core, the process for combining them 
is straightforward. By adding the alpha factor to the Three- or Four-Factor models the 
abnormal return can be calculated while controlling for the factors included in these 
models (Carhart, 1997, p. 61). These adjusted formulas have  been named Multi-Factor 
Alphas as they are an extension of the original Jensen’s Alpha (Bodie et al., 2014, p. 
840).  

3.5.2 Sharpe Ratio 
Another measurement of the risk-adjusted performance of an investment is the Sharpe 
Ratio  (Brealey et al., 2011, p. 191). It was introduced by Sharpe in 1966 (p. 123) and in 
his study he named it the reward-to-variability ratio. The ratio was developed as a way 
of measuring the performance of mutual funds and has since become one of the most 
common measurements of risk-adjusted return (Bodie et al., 2014, p. 134). It essentially 
measures the return in excess of the risk free rate per unit of volatility (Sharpe, 1966, p. 
122-127).  

3.5.3 Modigliani Risk-Adjusted Performance (M2) 
The Modigliani Risk-Adjusted Performance Measure (M2) was developed as an 
extension to the Sharpe Ratio to improve upon one of its largest shortcomings, the 
difficulty of comparing the Sharpe Ratios of two different portfolios (Modigliani & 
Modigliani, 1997). By presenting a percentage instead of an absolute value the M2 
measure is easier to interpret and directly comparable between portfolios.  
 
This measure, along with the Alphas, compare the performance of a portfolio with the 
performance of a comparable market or portfolio. In our case this will be the Nasdaq 
100 index, as well as the market returns calculated by French. These measures will 
allow us to compare the different portfolios and assess and compare their performance. 
It is important to take the risk into account if we are to challenge the strong-form of 
market efficiency presented by EMH since the hypothesis is based on a risk adjusted 
measure (Fama, 1970, p.384; Damodaran, 2012, p. 121).  
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3.6 Summary of Theories 
In this chapter we will briefly summarize the main characteristics of the theories and 
explain how they will be applied in our study. We will also present a model of our 
theories that will help explain the application of these theories into our study, see figure 
3.  
 
Efficient Market Hypothesis - the hypothesis identifies three subcategories of market 
efficiency strong form semi-strong form and weak form of market efficiency. Three 
criterias needed for full market efficiency are no transactions costs, all available 
information should be free for everyone and all market participants values the 
information in the same way. This theory is our starting point and we will try to 
challenge this theory with our study.  
 
Behavioral Finance - This field of study does not have a central theory but rather 
consist of different theories explaining different aspects of investor behavior. One 
prominent theory within Behavioral Finance introduced by Shiller et al. (1984) suggests 
that investors are influenced by social dynamics and fashions when choosing where to 
invest. This theory could help us explain how sentiment actually affects the stock 
market. 
 
Investor Attention - This theory suggests that there is a limit to the amount of attention 
an individual can place on any given subject. There are different theories describing in 
what ways the attention is allocated, for example Peng & Xiong (2006) found that as the 
amount of available attention decreases the portion allocated to firm specific 
information is reduced to nothing with all attention being applied to industry specific 
information. Sentiment analysis is used to measure investor attention and is how we will 
determine in which stocks to invest.  
 
Signalling Theory - According to Spence (2002) people with information has to decide 
how to communicate certain information while people without that information has to 
decide how to interpret it. In our study this theory can be used to explain and interpret 
how people react to tweets as a source of information.  
 

 
Figure 3: The Sentiment-Signal Model (Granholm & Gustafsson, 2017) 
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4.0 Literature Review 

 4.1 Summary of Reviewed Literature 
Table 1 - Summary of Reviewed Literature 

Author Year Time Period Market Sentiment Analysis 
Method 

News source 

Bollen, Mao & 
Zeng 

2011 2008/02/28 - 
2008/12/19 

U.S. Text, Lexicon Twitter 

Zhang, Fuehres &  
Gloor 

2011 2009/03/30 - 
2009/09/07 

U.S. Lexicon 
 

Twitter 

Chen, De, Yu & 
Hwang 

2014 2005/01/01 - 
2012/12/31 

U.S. Lexicon Seeking Alpha 

Yu,  
Duan & Cao 

2013 2011/07/01 - 
2011/09/30 

U.S. Text 
 

News media, 
Blog, Twitter 

Uhl 2014 2003/01/-  -  
2010/12/-  

U.S. Reuters Thomson Reuters 

Zhang & Skiena 2010 Total time period: 
2005 - 2009 
Varies by source 

U.S. Lexicon News media, 
Blog, Twitter 

Tetlock, Saar-
Tsechansky & 
Macskassy 

2008 1980/01/01 - 
2004/12/31 

U.S. Lexicon News media 

Li 2006 1994 - 2005 U.S. Lexicon Annual reports 

Sinha 2010 2003 - 2010 U.S. Reuters Thomson Reuters 
NewsScope 

Demers & Vega 2008 1998 - 2006 U.S. Text Quarterly reports 

Twedt & Rees 2012 2006 U.S. Lexicon Analyst’s reports 

Ferguson, Philip, 
Lam & Duo 

2015 1981 - 2010 U.K. Lexicon News media 
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4.2 Actual Literature Review 

4.2.1 Twitter mood predicts the stock market (Bollen et al., 2011) 
In 2010, Bollen et al. investigated how the moods of Twitter users could be used to 
predict the movements of the Dow Jones Industrial Average (DJIA). In this study they 
developed a method for predicting movements of the DJIA index with a 87.6% certainty 
by performing a statistical analysis testing the correlation and causation between Twitter 
sentiment and DJIA (Bollen et al., 2011, p. 1). They did this by using two different 
types of sentiment analysis, a simple positive or negative lexicon-based analysis was 
used by applying a program called OpinionFinder which simply rate words based on if 
they are positive or negative and then calculated the ratio between positive and negative 
post for each day. To try and capture a more dimensions of mood they also developed a 
text classification program which was trained to identify six different mood states calm, 
alert, sure, vital, kind and happy (Bollen et al., 2011, p. 2). As this was one of the first 
studies to apply sentiment analysis to Twitter data with the express purpose of applying 
the results to stock movements it has served as a source of inspiration while we 
developed our own study.  

4.2.2 Predicting Stock Market Indicators Through Twitter “I hope it is not 
as bad as I fear” (Zhang et al., 2011) 
Along with Bollen, Mao and Zeng, Zhang et al. were among the first within this area of 
study. They, however, used a simple count of certain “mood words”, such as happy, 
nervous and upset, each day to measure the average sentiment of that day. They then 
tested the correlation between the daily mood states and the return on the DJIA, S&P 
500, Nasdaq and VIX (Zhang et al., 2011, p. 56). They also tested which of the 
baselines number of tweets, number of retweets and number of followers per day was 
the most effective in the predictions and found that the best one to use was the total 
number of tweets (Zhang et al., 2011, p. 58-60). They find a significant correlation 
between the daily returns and the previous day’s mood state, signifying that Twitter can 
be used to predict price movements (Zhang et al., 2011, p. 61-62). This lends support to 
our study that Twitter sentiment can be used as a deciding factor when constructing 
portfolios. 

4.2.3 Wisdom of crowds (Chen et al., 2014) 
Chen et al. (2014), examined the role of how peer based advice can be used to predict 
the performance of stocks. They did this by conducting a lexicon-based sentiment 
analysis on articles published on Seeking Alpha, which is one of the largest investment-
related social media platforms in the U.S. (Chen et al., 2014, p. 1368). Users on Seeking 
Alpha can post articles, these articles are however generally reviewed before being 
published on the website after which other users can then post comments on this article. 
To conduct the study they downloaded all the opinion articles and comments on those 
articles between 2005 and 2012 and calculated the frequency of negative words to get 
the overall tone of the article or comments (Chen et al., 2014, p. 1376). They then 
performed a statistical analysis to test the correlation between the views expressed on 
Seeking Alpha and the market performance.They found that the opinions on the website 
could be used to predict the stock returns (Chen et al., 2014, p. 1400).  
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4.2.4 The impact of social and conventional media on firm equity value: A 
sentiment analysis approach (Yu et al., 2013) 
In 2013, Yu et al. investigated the effect blogs, forums, Twitter and conventional media 
can have on the short term stock price performance. They used sentiment analysis to 
determine the sentiment of each media resource towards each specific company on a 
daily basis during a period of 3 months (Yu et al., 2013, p. 920). They randomly 
selected 824 companies on which to perform sentiment analysis covering 6 industries, 
the sentiment analysis is conducted by the use of the Naive Bayes algorithm (Yu et al., 
2013, p. 921). They then performed a statistical analysis to determine how the sentiment 
from different media sources affected the performance of the firm. The study found that 
social media has an overall stronger relation with stock performance than conventional 
media (Yu et al., 2013, p. 925).  

4.2.5 Reuters Sentiment and Stock Returns (Uhl, 2014) 
Uhl (2014), studied the effects of sentiment on stock returns and used the results to test 
the profitability of using it as a trading strategy. To accomplish this the author used the 
sentiment provided by Thomson Reuters, which is compiled via text analysis of news 
from a variety of sources (Uhl, 2014, p. 288). The author then tested the sentiment 
against the returns of the DJIA and found that Reuters sentiment can explain and predict 
changes in the stock returns. They also found that negative news sentiment has a larger 
predictive power on stock price than positive sentiment (Uhl, 2014, p. 296). Using this 
data as a trading strategy Uhl was able to improve the model and outperform the index 
by 34% with an 83% accuracy (2014, p. 296). While most other studies use a time lag 
of one to four days Uhl investigates how the Reuters news sentiment affects the market 
performance on a one month time frame. It is interesting that not more studies have 
examined the effect news sentiment has on stock return in a longer time period than 
days. One reason for this might be that news which are spread through social media 
affects the market more quickly and with less persistence than conventional news, this 
is also a reason for why we have chosen a shorter time lag period.  

4.2.6 Trading Strategies to Exploit Blog and News Sentiment (Zhang & 
Skiena, 2010) 
Zhang & Skiena (2010), investigated the correlation between all the stocks on the New 
York Stock Exchange and the news sentiment from four different sources: Dailies 
(includes 500 nationwide and local newspapers), Twitter, Spinn3r (collection of blogs 
worldwide) and LiveJournal (all the blogs provided by blog journal). They also 
developed a market-neutral strategy based on their sentiment data. Some of the most 
interesting findings in this study was that market capitalization seemed to have a high 
degree of influence on the performance, the effect that news has on the returns for large 
and small firms seems to be greater than the return for medium sized firms. The authors 
explain this by stating that the return for small firms are more affected by media 
coverage because of their price and that large firms has more coverage (Zhang & 
Skiena, 2010, p. 378). They also found that the performance of the stocks based on 
news gradually decreased with the holding period while the performance of the stock 
based on blog data had a higher degree of fluctuation.  
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4.2.7 More Than Words: Quantifying Language to Measure Firms’ 
Fundamentals (Tetlock et al., 2008) 
Tetlock, Saar-Tsechansky and Macskassy (2008) made use of lexicon-based sentiment 
analysis on two different news sources, the Wall Street Journal (WSJ) and the Dow 
Jones News Service (DJNS) in order to quantify the language used in articles for the 
purpose of predicting earnings and stock returns of individual companies on the 
S&P500 (Tetlock et al., 2008, p. 1438). This is a similar method to that which we 
employ, but where Tetlock et al. used news to collect information about sentiment, we 
will be using Twitter for the same purpose. They also used a more rudimentary method 
and computer program, General Inquirer, for sentiment analysis, relying primarily on 
negative words and determining the degree of negativity in an article (Tetlock et al., 
2008, p. 1438). Their main findings were firstly that, when accounting for fundamental 
variables, negative words in news articles predict poor earnings, thereby showing that 
these words can be used as a proxy to measuring the value of a firm’s fundamentals 
(Tetlock et al., 2008, p. 1464-1465). Secondly, they found a time delay between when 
the negative articles were published and when stock market prices incorporated the 
information contained in the negative words. To this end, they tested a trading strategy 
to exploit this with daily rebalancing of the portfolios which generated abnormal returns 
of ~10% when using the Four-Factor Model to calculate the alpha (Tetlock et al., 2008, 
p. 1456). However, trading with this high of a frequency can incur quite high 
transaction costs, which the authors tested and found that reasonable costs would cancel 
out any returns (Tetlock et al., 2008, p. 1459). This support our reasoning to use weekly 
portfolio updating as the transaction costs would be lessened, allowing us to retain more 
of any potential abnormal returns.  

4.2.8 Do Stock Market Investors Understand the Risk Sentiment of 
Corporate Annual Reports? (Li, 2006) 
In 2006, Li carried out a study about whether the risk sentiment in companies’ annual 
reports could be used to predict their future earnings. To measure the sentiment Li used 
a simple method of counting the occurrences of risk-associated words, such as risk and 
uncertainty, within annual reports but controlled for non-negative uses of the word risk 
such as risk-free (Li, 2006, p. 7). This method of sentiment analysis is more 
rudimentary than what we employ, however, at the time there were no effective 
alternatives, which the author explains. Li found a significant relationship between risk 
sentiment and lower future earnings in companies where the risk sentiment increased, 
but not for companies with decreasing risk sentiment (Li, 2006, p. 15-16). The author 
then constructs equally-weighted and value-weighted portfolios based on the risk 
sentiment to test the capacity for a trading strategy based on buying companies with 
small increases in risk sentiment and shorting companies with large increases in risk 
sentiment to generate abnormal returns (Li, 2006, p. 16-17). Li found that when 
controlling for the four factors in Carhart’s model the strategy generated annual 
abnormal returns of over 10% and was able to withstand a series of sensitivity checks 
(Li, 2006, p. 26). As we are intent on using the same methodology for testing a trading 
strategy this is a good point of reference for the usage of the Three- and Four-Factor 
models in conjunction with a sentiment variable. It also increases the validity of our 
study by demonstrating that our method is tried and true. 
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4.2.9 Underreaction to News in the US Stock Market (Sinha, 2010) 
In this study Sinha (2010) uses a large dataset provided by Thomson Reuters 
NewsScope to investigate how the U.S. stock market reacts to news articles. To 
determine whether the articles were positive or negative the author employed the text-
based sentiment analysis tool incorporated into NewsScope which determined tone of 
the 9.4 million news items included in the dataset (Sinha, 2010, p. 8). Value- and 
equally weighted portfolios were then constructed based on tone scores from the 
previous week to test the market’s reaction speed to the information contained in the 
news (Sinha, 2010, p. 14-15). The portfolios were constructed from data gathered 
during the previous week and Sinha found that the negative portfolios generated 
statistically significant returns for 52 weeks, meaning that it almost takes a year for the 
market to fully assimilate the negative tone (2010, p. 15). Using the Three- and Four-
Factor models the value-weighted portfolio was able to generate statistically significant 
abnormal returns of ~20 basis points per week (Sinha, 2010, p. 17).  

4.2.10 Soft Info in Earnings Announcements: News or Noise? (Demers and 
Vega 2008) 
In 2008 Demers and Vega Investigates how soft information from quarterly earnings 
press releases can be used to predict abnormal return and post-earnings drift (Demers & 
Vega, 2008, p. 1). The authors define hard information according to Petersen (2004, 
referenced in Demers & Vega, 2008, p. 1) as easy to store and transmit in impersonal 
ways, and whose content is independent of the collection process, while soft 
information as directly verifiable only by the person who collected and produced it, that 
cannot be unambiguously documented and is often communicated in text. They use a 
textual analysis algorithm for extracting net optimism, the difference between optimism 
and pessimism, and certainty from 20 000 corporate earnings announcements over the 
period 1998 to 2006 (Demers & Vega, 2008, p. 1). They construct portfolios primarily 
based on net optimism and found that for small and medium sized firm portfolios the 
abnormal return was ranging from 1.7% to 3% 60-trading-day holding period (Demers 
& Vega, 2008, p. 24). Some other interesting findings were that it takes longer for soft 
information to be incorporated into the assets price and that for high-tech firms or firms 
with more complex business models hard information is less informative and markets 
react stronger to soft information (Demers & Vega, 2008, p. 28-29). One conclusion 
that can be drawn from this result is that companies for which valuation relies more 
heavily on soft information the public opinions has a larger effect on the stock price 
than for companies which valuation relies on hard information. There is then a 
possibility that the stock price for some companies will be more correlated with the 
Twitter sentiment than others, depending on the structure of the company and the 
industry in which it operates.   

4.2.11 Reading between the lines: An empirical examination of qualitative 
attributes of financial analysts’ reports (Twedt & Rees, 2012) 
Twedt and Rees (2012) analyse the contents of 2057 financial analyst reports to 
determine whether there is valuable qualitative information contained in the textual 
contents of the analysis which can predict future returns, beyond the quantitative 
information such as earnings forecasts or stock recommendations. The authors use two 
different dimensions to define the informational content of the reports: detail, which 
marks the amount of effort put into the report by the analyst and tone, which signifies 
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the analyst’s opinion about the company (Twedt & Rees, 2012, p. 2). Tone can be 
equated to the sentiment of the report and Twedt & Rees use the same software as 
Tetlock et al. (2008), General Inquirer, to perform this analysis. The authors find that 
out of the two dimensions, the tone of the analysis has a stronger predictive property 
and is significantly related to future returns in all regressions, meaning that investors 
value the tone of the report and consider it informative (Twedt & Rees, 2012, p. 14-15). 
However, when implementing a trading strategy based on these findings, no significant 
results are found when controlling for several factors, including the Fama-French 
factors, leading to the conclusion that investors already implement this information into 
their pricing (Twedt & Rees, 2012, p. 16). This is in contrast to results found by several 
studies which conclude that several sources of soft information contains non-priced 
information (Demers & Vega, 2008; Sinha, 2010; Li, 2006; Tetlock et al., 2008; Zhang 
& Skiena, 2010; Uhl, 2014).  

4.2.12 Media Content and Stock Returns: The Predictive Power of Press 
(Ferguson et al., 2015) 
In 2015, Ferguson et al. studied the relationship between firm-specific newspaper 
articles and stock market movements, using a dataset comprised of newspaper articles 
published in the period 1981 to 2010 and stocks on the FTSE100 (Ferguson et al., 2015, 
p. 3). By using a lexicon-based sentiment analysis method with word lists developed by 
Loughran and McDonald (2011) containing finance-specific words, Ferguson et al. 
divided their dataset into positive and negative in order to test the effect both categories 
have on the stock market (2015, p. 3-4). In our case a standard word list is sufficient 
since the majority of our tweets are not financial in nature. They also divide the news 
articles into groups based on the companies’ size and book-to-market ratio in order to 
see how the sentiment affects companies of different size and value (Ferguson et al., 
2015, p. 4 & 18). In our case, it would be interesting to see whether a similar effect can 
be observed for tweets, rather than news articles. Hence, the authors conducted a 
statistical analysis to test the predictiveness of positive and negative news articles and 
found that both positive and negative news significantly predicts the next period 
abnormal returns (Ferguson et al., 2015, p. 18). By constructing a trading strategy based 
on the firm specific news sentiment, buying firms that had a positive sentiment the day 
before and shorting the ones with a negative sentiment, the authors tested the financial 
viability of their findings (Ferguson et al., 2015, p. 22). They rebalanced their portfolios 
at the end of every trading day, ignoring transaction costs, and used the Carhart Four-
Factor model to calculate the risk-adjusted return which was between 14.2 and 19 basis 
points per day (Ferguson et al., 2015, p. 22-24). The method used in this article is very 
similar to the one we use, except for the frequency at which rebalancing of the 
portfolios occurs and the word lists. The authors, however, fail to discuss the impact of 
transaction costs on the returns observed from their trading strategies, which can, as 
shown by Tetlock et al. (2008), completely negate any abnormal returns.  
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4.3 Expected outcomes 
The majority of the articles we have based this study on have conducted a statistical 
study investigating the correlation between Twitter and other media sentiment and stock 
returns before conducting tests on trading strategies based on this sentiment. The results 
from these studies suggest that there is a connection between Twitter sentiment and 
stock market returns which can be exploited to earn significant abnormal returns. In our 
study we will attempt to emulate this success by testing trading strategies based on a 
self-generated sentiment score, thereby testing both the methodology used to generate 
the sentiment and the efficacy of a trading strategy based on this sentiment.  
 
Based on the articles reviewed above we expect the Twitter sentiment to contain 
information which will lead to the generation of abnormal returns, through the creation 
of portfolios, as this has been the outcome of a majority of the articles. There are, 
however, some difference between the studies reviewed above and our study. Firstly, 
we focus our sentiment on individual companies rather than for an aggregate market 
which will most likely generate different results as companies presence on Twitter 
varies heavily from firm to firm. Secondly, we will use a time lag of one week between 
the sentiment score generation and investment. The most common process is to use 
daily rebalancing of the portfolios instead of weekly, however, we are interested in 
investigating a longer window because of previous studies conducted such as Bollen et 
al. (2011) and Uhl (2014).  
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5.0 Methodology 

5.1 Portfolio study 
The goal of our study, as stated in section 1, is to investigate how the sentiment of 
Twitter users affects the stock market and whether or not this can be exploited by an 
investor. There are two main processes for investigating whether certain investment 
strategies can generate abnormal returns. The first is an event study, which is based on 
trading around certain information events that can influence the stock price 
(Damodaran, 2012, p. 116). The second approach defined by Damodaran (2012, p. 116) 
is a portfolio study, where an observable variable is tracked to see whether it generates 
abnormal returns. In this study we are testing the effect of a particular discernable 
variable, the sentiment of Twitter users, which makes a portfolio study more applicable 
as the sentiment is a continuously moving variable and changes in it are not limited to 
certain event windows.  
 
To this end we will see whether the sentiment about a company on Twitter can be used 
by an investor to generate abnormal returns. This has been done before in studies by 
(Bollen et al., 2011; Zhang et al., 2011; Yu et al., 2013) who found support for this 
hypothesis. By constructing portfolios where the companies included in said portfolio 
are based on the Twitter sentiment related to that company we hope to find an effective 
avenue to abnormal returns. To determine the effectiveness of our portfolios we will 
compare the results with the returns from the Nasdaq 100 index and French’s wide 
market index. 
 
Statistical analysis will be used to determine whether or not the average return for our 
portfolios is significantly different from each other. This is an important step as it 
provides the empirical evidence that the results of the study is not simply a random 
occurrence, with a certain degree of confidence, and allows for conclusions to be drawn 
and generalized with regards to the population (Moore et al., 2011, p. 333).  

5.1.1 Sample 
When performing a statistical study the choice of sample is important for the validity 
and reliability of the results of the study (Saunders et al., 2009, p. 212). For the most 
part, the most desireable sample for any type of study is the entire population, i.e. all the 
cases of your study subject within the specified area as this gives a comprehensive view 
of the results for that population. However, this is often an unrealistic expectation as 
there are many factors which limit the access you have to a population (Moore et al., 
2011, p. 150) and there is no guarantee that accessing the entire population would 
significantly improve your results (Saunders et al., 2009, p. 212). These can be anything 
from time-constraints to limited budget or that it would simply be impractical to analyse 
the entire population.  
 
When access to data on the entire population is not available, or accessing it would be 
impractical, the preferred method for selecting a sample is through random selection. 
There are several different methods available for the selection of random samples. A 
simple random sample (SRS) is the simplest method of sampling and involves drawing 
the required number of samples at random from the population (Moore et al., 2011, p. 
156). If there are certain variables, such as gender or income, within the population that 
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are of interest to the study, the population can first be divided into groups, or strata, 
based on these variables before SRS are collected from it (Moore et al., 2011, p. 159).  
 
For the purposes of this study the sample has been 40 randomly drawn companies from 
the Nasdaq 100. There are two main reasons for sampling 40 companies rather than 
more or less. Firstly, because of the time-constraint placed on the writing process we 
have a limited amount of time available to collect data. As the data collection process is 
time-consuming we have chosen to limit the amount of companies included in our 
study. The second reason for limiting the study to 40 companies is that according to the 
central limit theorem, at least 30 observations are required for the distribution of the 
sample mean to become normal (Moore et al., 2011, p. 271). The choice to exceed this 
was made as a safety precaution incase the population distribution is abnormal, which 
increases the minimum amount of observations needed for the sample mean distribution 
to become normal.  

5.1.2 Portfolio Construction 
The basis for our portfolios will be the sentiment score of each company. During a one 
week period, the sentiment for a company will be collected on a per tweet basis and 
then aggregated to give a sentiment score for that week. From these weekly sentiment 
scores we will construct portfolios containing the top (P) and bottom (N) 35%, 25% and 
15% scoring companies during the previous week. For example, our P65 portfolio will 
contain all companies with a sentiment score in the top 35% during the previous week 
and our N15 portfolio will contain the 15% lowest scoring companies during the 
previous week. We will also constructed middle portfolios which will contain the stocks 
excluded from both the top and bottom portfolios.  
 
One special case portfolio, RCO, will be constructed based on cut-off values. This 
portfolio will be built by manually finding the cut-off value of the sentiment which 
would have resulted in the best performance during the previous week and then 
applying that cut-off value to the current week and including all stocks with a sentiment 
score higher than the specified cut-off value in the portfolio. For example, if a portfolio 
during week one had performed best with a cut-off value of 0,1 that value would be 
applied to the portfolio during week two. 
 
To evaluate the performance of our sentiment strategy we will also construct Difference 
(D) portfolios, in the same manner as Derwall et al. (2005). These will be constructed 
by subtracting the negative sentiment portfolio returns from the positive sentiment 
portfolio returns. This will demonstrate the effect of positive sentiment on our risk-
adjusted portfolio returns by emulating a long-short strategy, a hedging strategy where 
the highest scoring portfolio is bought and the lowest scoring portfolio is shorted.  
 
These processes will be repeated and the portfolios will be rebalanced at the start of 
every week throughout our entire period, 2014-01-01 until 2016-12-31. This means that 
every week companies will be included into the portfolio for their corresponding 
sentiment score. The total number of portfolios constructed for this study will be 
thirteen. A summary of the constructed portfolios can be found in Table 16 in Appendix 
2. 
 



 

 29 

The weekly sentiment will be based on the sentiment of tweets collected during the 
previous week, specifically from Monday at 00:00:00 to Sunday at 23:59:59. This is to 
emulate the process of an investor using this method in practice.  
 
The choice to use a one week period was largely based on the evidence from Bollen et 
al. (2011) who found that sentiment carried the greatest predictive power over a holding 
period of three to four days, which we rounded up to one work week, as there is no 
trading on weekends. This is also based on results from several of the reviewed studies 
in section 4 which find that sentiment-based trading strategies which rebalance daily can 
often find good results (Ferguson et al., 2015; Demers & Vega, 2008; Sinha, 2010; Li, 
2006), however these are sometimes negated by transaction costs (Tetlock et al., 2008). 
We are therefore interested in investigating whether similar trading success can be 
found when using a longer holding period. Uhl (2014) successfully used a holding 
period of one month when testing the sentiment from Reuters, but as research has 
suggested that Twitter has a more immediate effect we believe a week is more suitable.  
 
In order to emulate the process used in practice when implementing this strategy, the 
purchase (sale) price used when rebalancing our portfolios will be the Monday open 
price for each stock. Nasdaq allows for orders to be placed before market open which 
guarantees a purchase (sale) at opening price (Investopedia, n.d.) allowing us to ensure a 
rebalance of our portfolio at market open prices. This is an important issue for this study 
as the purchase (sell) price has a large impact on the daily returns for our portfolio and it 
is unreasonable to assume an investor would be able to buy (sell) at the optimal price 
during each trading day, leading to some assumption or generalisation to be required for 
a more realistic result.  

5.2 Data 

5.2.1 Data Collection 
There are several different sources available for retrieving data from Twitter. A popular 
way of doing this among companies is to buy it from data-collection companies. There 
are several companies which specialize in collecting data from Twitter and deliver it to 
the customer in a well-formatted way. The main service these companies provide is live 
streaming of tweets, which acts like a net that catches most of the tweets which contain 
a number of pre-specified keywords. A positive aspect of this method is that it 
eliminates the risk that tweets are deleted which is one of the main risks when using 
historical data. A secondary service offered by these companies is the sale of historical 
data. Unfortunately, due to the pricing of historical data being geared towards large 
companies by the data providers this is a non-option.  
 
An alternative way of retrieving data in the form of tweets is through the use of a 
computer program designed for the specific purpose of downloading tweets. This is a 
more technically demanding option which involves coding a program that accesses 
Twitter and saves the results of a search term into a readable file. This process is known 
as “scraping”. Fortunately, there are programs already made for this purpose, 
circumventing the issue of having to program it yourself. 
 
To collect the Twitter data we will “scrape” the data from Twitter using a Python script. 
“Scraping” is a term used in computer science whereby a program is used to extracts 
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data from a specific source. Glez-Peña et al. (2013) defines web data scraping as a 
process of extracting and combining contents of interest from the web in a systematic 
way. The collected data is then run through a script which parses and extracts the 
information we need for our analysis, which is the timestamp of the tweet and its text 
content.   
 
The program we will use for collecting the data from Twitter is a Python based web 
scraper which is publicly available at GitHub, called TwitterScraper (Taspinar, 2017). 
To collect the relevant tweets we used certain keywords and phrases in our search term 
that the program uses to define which tweets to download. Examples of keywords used 
and how they are used in context are shown in Table 2 and Table 3. The username is 
used to direct a tweet at a company and should give us all the tweets in which the 
company is being mentioned. We have chosen not to use hashtags because some of the 
companies have quite commonly used words as names e.g. #Apple could give us tweets 
about apples or apple pie. By using the stock symbol we should get the tweets which 
contains news about the stock. When a stock symbol is used as a search term on Twitter 
it is often used in combination with a dollar sign. We have not used the dollar sign, 
however, as our web scraper was not able to understand it. Fortunately, without the 
dollar sign the web scraper is still able to extract tweets containing the stock symbol and 
should not create any significant complications in the data collection.  
 
Table 2 - Examples of Company Twitter Handles and Stock Symbols 

 
Company  Username  Stock Symbol 

 
Amazon   @Amazon  AMZN 
Starbucks  @Starbucks  SBUX 
Yahoo   @Yahoo   YHOO 

 
 
Table 3 - Examples of Complete Search Terms used in TwitterScraper 

 
Company  Complete search term used in TwitterScraper 

 
Amazon   “@Amazon OR AMZN -filter:links lang:en since:2014-01-01 until:2016-12-
31” 
Starbucks  “@Starbucks OR SBUX -filter:links lang:en since:2014-01-01 until:2016-12-
31” 
Yahoo   “@Yahoo OR YHOO -filter:links lang:en since:2014-01-01 until:2016-12-31” 

 
 
For some of the companies the stock symbol could not be used because it was the same 
as a popular search term or actual word. For example, the company Sirius XM Holdings 
Inc. uses the stock symbol ‘SIRI’ which also is the name used for Apple’s personal 
digital assistant. In such cases we used the full company name instead of the stock 
symbol in our search term. Although some company specific tweets, especially those 
regarding the company’s stock, may be lost we believe this is preferable to a large 
quantity of irrelevant tweets being included as our study focuses on company specific 
tweets rather than the sentiment of the entire user base of Twitter.  
 
This was a time-consuming process as the program collects up to 20 tweets each second 
and with our total dataset including over five million tweets the total time used simply 
for downloading is around 70 hours. However, this is extended due to the unstable 
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nature of the program. The program crashes if its requests to the Twitter servers time 
out or if the search result comes up empty, which happens on occasion by some 
inexplicable reason. This means that TwitterScraper requires monitoring to ensure that 
the data is being downloaded, which extends the collection process considerably.  
 
For collecting the stock price data we will use Thomson Reuters Eikon to collect daily 
opening prices for the companies included in our study. We will also collect the daily 
closing price for the Nasdaq 100 index as this is where our companies were sampled 
from. We have chosen to use the closing day price from 2014-01-01 to 2016-12-31, 
which gives us 3 years of data. Bollen et al. (2013) investigated how Twitter mood 
could be used to predict the movements on DJIA and in this study they collected tweets 
from February 28, 2008 to December 19, 2008 which is a considerably shorter time 
period than ours. In 2013, Yu et al. investigated how different types of media platforms, 
including Twitter, could impact the short term stock performance of firms and collected 
data from these media platforms and used a time frame of 3 months. The fact that both 
of these studies have used a significantly shorter timeframe than we will hopefully 
strengthens the credibility of our study. However it might also be possible that the 
length of our timeframe will give us more inconclusive results because of the fast 
changing environment of social media and the effect it has had in the past year on stock 
prices might be very different than what it was three years ago.  

5.2.2 Twitter Data Processing 
The web scraper we will use for the collection of Twitter data outputs the scraped 
tweets in a .JSON file. JSON (JavaScript Object Notation) is a text format designed to 
be easy for computers to read and write and is a common type of file output from many 
different types of programs. Although JSON is based on JavaScript most programming 
languages have the capacity of outputting the format because of its versatility and easy-
to-use nature. However, the output files produced by the web scraper are not readable 
by Excel or similar programs, meaning that additional steps need to be taken in order to 
quantify the data.  
 
For this we will use a parser, which takes a certain type of input, in our case a JSON 
file, and extracts the required information. This is, in our case, the text content of the 
tweets that have been downloaded and the time and date at which the tweets were 
posted. The scraper we use downloads more data than we require, such as the username 
of the poster, and adds extra junk characters in the JSON file required by the format but 
makes it difficult to read. The parser solves this problem by reformatting the contents of 
the JSON file and outputs it to a .txt file, a simple text format, and a .csv file, which is 
readable by Excel.  
 
The .txt file is then used as the input into SentiStrength, a Java-based sentiment analysis 
program supplied by Professor Mike Thelwall at the University of Wolverhampton. The 
program is a lexicon-based text analysis program and reads the .txt file line by line and 
checks each of the words against a number of lexicons where a numerical value has 
been assigned to each word. There are several different options available when 
conducting a lexicon-based sentiment analysis. The ones we are aware of and have 
assessed, other than SentiStrength, are OpinionFinder (MPQA, n.d.), SentiWordNet 
(Esuli & Sebastiani, 2010) and AFINN (Nielsen, 2011). The main reason why we have 
chosen to use SentiStrength as our sentiment analysis program of choice is because it is 
more advanced than the others we have considered and able to understand the use of 
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negating words, such as “not” which changes the meaning of the subsequent words, 
emoticons, and certain slang terms (Thelwall, n.d.; Thelwall et al., 2012). Another, 
secondary, reason why we chose to use SentiStrength is that is was recently updated 
with upgraded versions of the lexicons, which contain the sentiment words, which 
should improve the accuracy of the analysis (Thelwall, 2017). The accuracy of 
SentiStrength has been tested several times. The spanish version of SentiStrength 
achieved an accuracy of 51.4% and 63.4% for positive and negative tweets respectively 
when tested against a set of 1600 human-coded tweets (Vilares et al., 2015, p. 6). For 
Thelwall et al. (2012, p. 170) tested the accuracy of SentiStrength against that of a 
machine learning algorithm on comments and texts from Twitter, YouTube, BBC and 
more, and found while not performing as well as the algorithm, SentiStrength was 
accurate 59.2% of the time for positive tweets and 66.1% of the time for negative 
tweets. 
 
SentiStrength, as states previously, uses a .txt file as an input and outputs another .txt 
file with the sentiment score of each line added at the end of it (Thelwall, n.d.). A 
second parser will then be used in order to extract the sentiment score of the text line 
and the corresponding date of publishing and reformat it into a .csv file in order for it to 
be entered into Excel. As we will be handling large quantities of tweets, an automated 
process is a must because of our time-constraints and to minimize the risk of human 
error.  
 
After the sentiment data has been entered into Excel the next step is summarizing it to 
our required time periods. As the data consists of, at times, several hundreds of tweets 
per day it is necessary to calculate an average level of sentiment for each week. This 
will be done using a Pivot Table, which is capable of calculating an average based on a 
categorical factor, which will in our case be the year and week of the tweets posting.  

5.2.3 Financial Data Processing 
The financial data will, as previously stated, be downloaded from Thomson Reuters 
Eikon directly into Excel. Therefore minimal processing is required and is limited to 
restructuring the data to a more manageable format and recalculating daily returns into 
weekly returns. This is done via a simple return formula and allows us to rebalance our 
portfolios on a weekly basis using opening prices on the Nasdaq 100. Excel’s function 
for extracting the week number from a date returns week 53 as the result for the last 
week of a year instead of week one meaning that the returns during the first week of a 
year required additional managing to ensure their correctness.  

5.2.4 Data Processing Summary 
Figure 4 summarises the data collection and processing methodology in a simple model 
which explains the process which we have followed when generating the sentiment used 
to create our portfolios. It displays the names of the programs used in different steps 
involved in converting tweets to usable data. 
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Figure 4: Model of data processing and data analysis (Granholm & Gustafsson, 2017) 

5.2.5 Data Loss 
During the scraping process some data was lost, or we were unable to retrieve tweets 
because of unknown circumstances. For both Starbucks and Amazon we were unable to 
retrieve tweets from earlier than week 45 and 44 respectively. For Discovery we were 
unable to retrieve tweets for the end of 2015 and the beginning of 2016. However, this 
should not significantly affect our portfolios as they are constructed with this in mind. 
Some of the companies also had a low frequency of tweets per week, leading to some 
comparatively high values being included in the final sentiment used to construct our 
portfolios, however due to time constraints we decided to include these companies 
regardless because they still have a valid sentiment value for each week.  
 
Some of the companies included in our sample do not have equity prices for the entire 
period as they were not included in the Nasdaq 100 for the entire time period. The 
companies in question were JD.com and Kraft Heinz and as there are no equity prices 
for these companies on Nasdaq they were excluded from our portfolios for the period of 
time that no such prices existed.   

5.3 Data Collection and Processing Critique 

The text classification approach would most likely be preferable to use in a more 
practical application of our study as these methods are more suitable for processing 
continuous data. However, since this approach would require us to do a large amount of 
manual labour, especially programming but also manual text analysis to create a 
training set for the learning algorithm we will not be able use this approach because of 
the time constraint and our limited technical programming ability. To conduct this 
approach one needs to manually classify a large amount of tweets into sentiments after 
which the information is used as an input for the classifier e.g. a Naive Bayes algorithm 
(Yu et al. 2013). Because of these factors we have chosen to use a lexicon based method 
to classify the sentiment of our tweets.  
 
SentiStrength will be used to assess whether the content of each tweet collected contains 
a positive or negative message regarding the company. To do this a list of positively and 
negatively charged words will be used as the filter with which the program will analyse 
the text content of each tweet and assign a it positive and negative score based on the 
word content, with different words carrying different values. Each tweet will be 
assigned a positive score ranging from 5 to 1 and a negative score ranging from -1 to -5 
depending on the sentiment of the tweets. SentiStrength is a lexicon-based approach, 
and as mentioned earlier we will use this approach since the text classification approach 
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is far too time consuming nor do we possess the technical abilities required to conduct a 
sentiment analysis with that approach. 
 
However, as previously stated, SentiStrength also uses several different lexicons against 
which it compares the word contents of each tweet. These, however, are not specifically 
directed toward the financial area, meaning that certain words which have a positive 
meaning within a financial context may be ignored by the program, thereby possibly 
exposing the study to bias through the misclassification of tweets as found by Loughran 
& McDonald (2011, p. 61-62). Our method for counteracting this was the generalisation 
of the tweets collected. Studies in the past (Ranco et al., 2015) have specified their 
search by using only the stock ticker in conjunction with a ‘$’ to try to ensure that only 
relevant tweets are collected. We, however, have chosen to also use the ‘@’ in order to 
collect tweets regarding the company outside of a financial context in order to 
circumvent the problem of a proper financial lexicon. The development of more 
industry-specific lexicons was one of the main improvements suggested by Kearney & 
Liu in their 2014 (p. 181) review of this field of research.  

5.4 Return Measures 
To perform the large number of calculations have been required throughout the writing 
of this study computer software has been employed to ease the burden of labour and 
increase the efficiency of our work. They have been carried out in Microsoft Office 
Excel and Minitab. These are programs with which we have significant experience and 
feel comfortable using, making them the obvious choices for carrying out this study. 
The formulas used for these calculations will be presented in the following sections.  
 
Transaction costs are often not taken into account in academic research. This is mainly 
because these vary substantially depending on the transaction size, the stock's liquidity 
and the broker handling the trade. Since we have conducted a study on companies from 
the Nasdaq 100 list which are very liquid and thus have relatively low transaction costs 
we have chosen not to take them into account in the calculations. There has been some 
evidence of the impact of transaction costs on the results of the study. Tetlock et al. 
(2008) found in their study that while a sentiment-based trading strategy can generate 
abnormal returns reasonable transaction costs would negate these positive returns.  

5.4.1 Actual Return 
The formula below shows how the actual return is calculated. The data used in the 
calculation has been collected from Thomson Reuters Eikon. For calculating the actual 
return the realized return model will be used (Berk & DeMarzo, 2014, p. 319):  
 
𝑅",$ 	= 	 (𝐷",$ 	+ 	𝑃",$	/	𝑃",$ − 1) 	− 	1      (1) 
 
Where: 
Ri,t = Realized Return for stock i at time t 
Di,t = Dividend of stock i at time t 
Pi,t = Closing price of stock i at time t 
Pi,t-1 = Closing price for stock i at time t-1, i.e. the previous day 
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5.4.2 Portfolio Return 
In order to calculate the portfolio returns the weights for each stock in the portfolio 
needs to be specified. In this study we will be balancing according to one investment 
strategy: the equally-weighted. The equally-weighted portfolio is intuitively quite 
simple with each stock making up an equal part of the total portfolio value (Bodie et al., 
2014, p. 49). This method is frequently used in research for its simplicity and because it 
is quick to implement (Li, 2006; Sinha, 2010). The formula for the equally-weighted 
formula portfolio return is presented below. 
 
𝑅/,01 	= 	 (∑34"3 (𝑅",$))/𝑛       (2) 
 
Where: 
RP,EW = Equally-weighted portfolio return 
Ri,t = Return for stock i at time t 
n = number of stocks in portfolio 

5.4.3 Multi-Factor Alpha 
As shown in section 3.4, the Fama-French Three-Factor Model and Carhart’s Four-
Factor Model are common models for evaluating the performance of funds and 
portfolios and have been used in a number of studies. Several previous studies use 
Carhart’s Four-Factor Model to calculate the risk-adjusted return, as mentioned in 
section 3.5.1. The fact that the model is widely used validates our use of it and 
strengthen the reliability of our study (Tetlock et al., 2014; Li, 2006; Sinha, 2010)  
 
These models have been shown to carry greater predictive power than, for example, the 
CAPM for a number of markets around the world. Fama & French (2012) tested the 
performance of the Three- and Four-Factor Models in four different market and found 
that they outperformed the CAPM on local markets using local factors. As we are 
studying large, U.S. companies we therefore believe that using the Three- and Four-
Factor Models for the calculation of risk-adjusted return is a logical choice.  
 
For these reasons, we will use these models to measure the risk-adjusted return, or 
alpha, of our portfolios which simultaneously estimating the betas for each of the 
factors included in the model. Using a return measure which accounts for risk is crucial 
when conducting a portfolio study as failure to do so ignores the benefits of 
diversification and can lead to trading strategies that exposes the investor to unnecessary 
risk (Damodaran, 2012, p. 121). The formulas for the calculation of risk-adjusted 
returns are presented below: 
 
𝛼" = (𝑅/,01 − 𝑅7) − 𝛽",$(𝑅9:$ − 𝑅7) − 𝛽;,$𝑆𝑀𝐵$ − 𝛽:,$𝐻𝑀𝐿$ − 𝜀",$    (3) 
 
𝛼" = 𝑅/,01 − 𝑅7 − 𝛽",$ 𝑅9:$ − 𝑅7 − 𝛽;,$𝑆𝑀𝐵$ − 𝛽:,$𝐻𝑀𝐿$ − 𝛽B,$𝑀𝑂𝑀$ − 𝜀",$  (4) 
 
Where:  
αi = Risk-adjusted abnormal return for portfolio 
RP,EW = Equally-weighted portfolio return 
βi,j,k,l,t = Factor betas 
RMKT = Return on the Market Portfolio 
RF = Risk-free interest rate 
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SMBt = Return on the Small Minus Big Portfolio 
HMLt = Return on the High Minus Low Portfolio 
MOMt = Return on the Winners Minus Losers Portfolio 
εi,t = Statistical error term  
 
We will use the SMB, HML and MOM factors provided by French on his website as 
they are freely available and calculated for the U.S. market (French, 2017). This is 
suitable as we are examining large U.S. companies. For the Market Portfolio return we 
will be conducting two separate calculations, one using the wide market index also 
provided by French and one using the return of the Nasdaq 100 index as it would be 
interesting to test whether this makes a difference for the result.  

5.4.4 Other Risk-Adjusted Return Measures 

5.4.4.1 Sharpe Ratio 
As an alternative to the multi-factor alpha we will also include the Sharpe Ratios (see 
section 3.5.2) for each portfolio in our analysis, the formula for which is presented 
below: 
 
𝑆/ = (𝑅/ − 𝑅7)/𝜎/         (5) 
 
Where: 
SP = Sharpe Ratio for portfolio P 
RP = Return for portfolio P 
RF = Risk free interest rate 
σP = Standard deviation for portfolio P returns 

5.4.4.2 Modigliani’s Risk-Adjusted Performance (M2) 
In order to facilitate comparison between our different portfolios we employ the M2 
measure which is, essentially, a percentage-based version of the Sharpe Ratio which is 
computed by multiplying the Sharpe Ratio of a portfolio by the standard deviation of a 
market portfolio. It is important to use the same market portfolio for each portfolio you 
intend to compare. The formula is: 
 
𝑀/
E = 𝑆/𝜎9 + 𝑅7,$         (6) 

 
Where: 
M2

P = M2 for portfolio P 
SP = Sharpe Ratio for portfolio P 
σM = Standard deviation for market portfolio 
𝑅7,$ = The average risk free interest rate during the time period 

5.4.5 Dimson Adjustment 
Because of the choice to construct our portfolios based on trading conducted at the 
opening price of stocks there is a discrepancy between the returns calculated for our 
portfolios and the returns used in the Three- and Four-Factor models to control for 
previously observed market return effects (see section 3.4, 3.5.1 and 5.4.3). These 
returns are based on the closing prices of stocks meaning that they contain the daily 
price variance of each included stock, which means that they are not directly 
comparable to the returns of our stock prices. To adjust for this period of non-trading 
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we employ a Dimson adjustment which is to lag and lead each control variable by a 
specific time period in order to incorporate the missing returns (Dimson, 1979, p. 223). 
The Dimson adjustment is a common method for dealing with infrequent trading and 
the subsequent beta-bias that can occur (Bartholdy & Riding, 1994, p. 242). We will use 
one lead and lag term extending over one time period as the difference between our 
returns and the index is small. This is supported by Bartholdy & Riding’s findings that 
the beta estimates provided by the Dimson adjustment degrade when including more 
that one lag- and lead term (Bartholdy & Riding, 1994, p. 253). This alters our 
calculation of our Multi-Factor Alpha to include lagged and leading versions of each 
factor with the adjusted formula being:  
 
𝛼" = 𝑅/,$ − 𝑅7 − 𝛽",$ 𝑅9:$,$ − 𝑅7,$ − 𝛽;,$ 𝑅9:$,$FG − 𝑅7,$FG − 𝛽:,$ 𝑅9:$,$HG −
𝑅7,$HG − 𝛽B,$𝑆𝑀𝐵$ − 𝛽I,$𝑆𝑀𝐵$FG − 𝛽3,$𝑆𝑀𝐵$HG − 𝛽J,$𝐻𝑀𝐿$ − 𝛽K,$𝐻𝑀𝐿$FG −
𝛽L,$𝐻𝑀𝐿$HG − 𝛽M,$𝑀𝑂𝑀$ − 𝛽N,$𝑀𝑂𝑀$FG − 𝛽O,$𝑀𝑂𝑀$HG − 𝜀",$   (7) 
 
From this calculation the Dimson-adjusted beta for each variable is calculated as:  
 
βDim = βi,t + βj,t + βk,t 
 
Where: 
βi,t = Beta value for normal variable 
βj,t = Beta value for lagged variable 
βk,t = Beta value for leading variable 

5.5 Statistical Analysis 
In order to test our research question that using sentiment to construct portfolios that 
can generate abnormal returns we will perform a statistical analysis. Statistical analysis 
is essential for being able to confidently state that results found in a study are not the 
result of random chance. By constructing hypotheses which define the research 
question, statistical tests can be performed to show, at certain confidence levels, that the 
results are significant. We have formulated our hypotheses as follows: 
 
H0: RP,i = E[RP,i] 
HA: RP,i ≠ E[RP,i] 
 
Where: 
RP,i = Return for portfolio i 
E[RP,i] = Expected return for portfolio i 
 
These hypotheses will be used for each of our portfolios to test how they perform during 
our time period.  
 
To test our sub-purpose whether or not the weekly sentiment scores generated correlate 
with the corresponding weekly stock returns we have formulated an additional set of 
hypotheses which we will use to test the significance of this correlation. This set of 
hypotheses is formulated as follows: 
 
H0: rs,R = 0 
HA: rs,R ≠ 0 
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Where: 
rs,R = Pearson’s Correlation Coefficient between sentiment score, s, and stock return, R 

5.5.1 Regression 
To test the relationship between the sentiment and stock portfolio returns we will be 
using regression analysis. Regression analysis is a summary of the relationship between 
two variables (Moore et al., 2011, p. 100). Like correlation, it shows the direction and 
incline of the slope between two variables, however, unlike correlation a regression 
shows the relationship between one, or more, explanatory, or independent, variable and 
one dependent, or response, variable. Regression models are linear equations which 
work by finding the coefficients that result in the least squared residuals for each 
explanatory variable, thereby finding the best fit for the regression line (Moore et al., 
2011, p. 581).  
 
The regression line of a data set describes the relationship between the variables 
included. However, when drawing conclusions based on this regression it is important 
to keep the adage “Correlation does not imply Causation” in mind, as this is one of the 
more common mistakes when interpreting the results of statistical analysis. A lurking 
variable can often be the cause for the relationship seen between two variables making it 
seem like the relationship between an explanatory variable and dependent variable is 
stronger than it is in reality (Moore et al., 2011, p. 119-120).  
 
In order to properly study the relationship between Twitter sentiment and stock 
portfolio returns we will be using multiple regression, which uses several explanatory 
variables to strengthen the relationship between the explanatory and the dependent 
variables. We will be using the multiple regression model as defined in Wooldridge, 
2013 (p. 71): 
 
y = β0 + β1x1 + β2x2 + β3x3 + … + βkxk + u      (8) 
 
Where: 
y = Dependent variable 
β1, β2, β3 … βk = Coefficients 
x1, x2, x3, … xk = Explanatory variables 
u = Statistical error term 
 
The reason for including the error term, u, is to represent all explanatory factors not 
included in the regression. According to Wooldridge, adding more explanatory 
variables can improve the model, but , u, can never be completely eliminated as it 
contains all unobserved factor which affect the dependent variable (2013, p. 5).  

5.5.2 P-value 
The P-value is the probability that, assuming the H0 is true, the test would take a value 
as or more extreme than the one observed (Moore et al., 2011, p. 356). The smaller the 
P-value the stronger the evidence against H0 and the larger the P-value the stronger the 
evidence for it. A small P-value in our case would mean that we have stronger evidence 
that the sentiment can be used to earn abnormal returns since the probability of rejecting 
the null hypothesis when it is true is smaller.  
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5.5.3 Student’s T-test 
A Student's t-test is a common statistical measure for measuring the significance of a 
test. It is used when the standard deviation of the population, σ, is unknown and is based 
on the standard deviation of the sample, s, also known as the Standard Error (Moore et 
al., 2011, p. 396). The test uses a t-distribution with n-1 degrees of freedom to 
determine the P-value of the regression. The t-statistic is calculated using the following 
formula: 
 
𝑡 = (𝑥 − 𝜇)/𝑠/ 𝑛         (9) 
 
Where: 
t = t-value for the regression 
𝑥 = The sample mean 
µ = Specific test value 
s = Standard deviation of sample 
n = Number of observations 

5.5.4 Type I and Type II errors 
There are two types of error that can occur when conducting a hypothesis test. These are 
called Type I and Type II errors (Moore et al., 2011, p. 382). A Type I error is when you 
reject H0 when it is true while a Type II error is when you accept HA when it is true. 
When conducting a hypothesis test with a fixed significance level, α, at which the 
decision whether to reject H0 or HA is made, α is the probability of a Type I error. 
Choosing a significance level for the hypothesis test can essentially be equated to 
defining your tolerance for a Type I error (Wooldridge, 2013, p. 779), which is the more 
important of the two errors for which to control (Moore et al., 2011, p. 385).  
 
We will be testing the results at three different significance levels; 0.1, 0.05 and 0.01. 
This is to reduce the risk of a Type I error occurring and to get a measure of the relative 
probabilities between the different factors used to test our hypotheses.  

5.5.5 Joint-Hypothesis Problem 
The joint-hypothesis problem which can be found related to the Efficient Market 
Hypothesis has been the primary reason why no conclusive answer has been provided to 
the theory’s accuracy. As briefly stated in section 3.1, the joint-hypothesis problem is 
that the EMH is not a testable hypothesis (Sewell, 2012). What this means is that in 
order to test whether the market is efficient, one must first define how to measure 
efficiency and other factors, such as investor risk preference, current market conditions 
or informational availability (Fama, 1991, p. 1608; Sewell, 2012, p. 165; Lo & 
MacKinlay, 2011, p. 20), in order to calculate the expected prices used to decide 
whether abnormal returns can be generated. This results in any test of the EMH 
simultaneously being a test of the model used to predict prices as well as a test of 
market efficiency, which means no real conclusions can be drawn about the EMH. What 
this means for this study is that even if the strategy presented in chapter 5 is successful 
in systematically generating abnormal returns, no real, empirically backed, conclusions 
can be stated about the current level of market efficiency in the U.S. stock market.  
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5.6 Method Problems 
A possible source of systematic error with scraping is the deletion of tweets resulting in 
their exclusion from the historic data and thereby opening up for survivorship bias. 
However, as we are investigating the sentiment, i.e. opinion and mood, of tweets 
regarding a company and not the accuracy of news content of said tweets we believe the 
number of tweets deleted will be negligible as tweets containing opinion are more 
seldomly deleted.  
 
Another source of possible error is that irrelevant tweets are accounted for in the 
sentiment analysis. We have chosen the username of the company and their stock 
symbol to try to avoid irrelevant tweets but we cannot guarantee irrelevant tweets not 
concerning the company have been extracted from Twitter. To minimize this risk we 
will randomly select a sample of tweets for each company and manually go through 
them to see if they are relevant for our study. This will in our opinion strengthen the 
credibility of our results. We will also operate under the assumption that the distribution 
of positive and negative tweets that are unrelated to our study is normal, and will 
therefore not skew the results of our study in a significant way. This assumption is 
necessary as manually controlling the tweets for unrelated content is essentially 
impossible due to the large quantity of data collected.  
 
One other possible problem regarding the tweets are the small amount of tweets some 
companies have. If a company has very few tweets per week the reliability of the 
information regarding that specific company is not very good since there is a possibility 
that chance plays a great role to determine the sentiment. The limited number of tweets 
has also had the effect that not all companies have tweets available for the entire time 
period. However, we do not see this as a major issue with our study as most companies 
will be included during the entire time period and the rest will simply be added as data 
becomes available.  
 
A possible problem using SentiStrength to analyse the mood of a tweet is that the 
outcome is only positive and negative, ignoring the more complex aspects of human 
mood. There is also the risk that the program will misinterpret the text content and 
assign the wrong score. To combat this we will extract random samples to check and 
report on the accuracy of the scoring but as we will be dealing with hundreds of 
thousands of tweets it will be impossible to perform a complete manual assessment 
within our time constraint.  
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6.0 Results & Analysis 
 

In this chapter we will present the results and statistical analysis of our study. In order 
to facilitate readability we will divide the results into different sub-chapters based on 
the model used for the regression. However, the chapter will begin with an overview of 
the performance of our thirteen portfolios. 

 

6.1 Presentation of Results 
In this chapter the results of our study will be presented and analysed. The results will 
mainly be presented in the form of charts and tables which summarize the most relevant 
results of the analyses performed. As stated by our hypotheses we do not exclude the 
possibility of a negative result and will therefore perform a two-tailed significance test 
during our statistical analysis. As previously stated in section 5.5, our hypotheses will 
be used to determine whether the relationship between Twitter sentiment and stock 
returns can be exploited to construct portfolios which generate abnormal return. The 
hypotheses we will use to test each portfolio are restated here as follows: 
 
H0: RP,i = E[RP,i] 
HA: RP,i ≠ E[RP,i] 
 
In this study thirteen different portfolios have been constructed and statistically 
analysed to determine their viability using four different models, the Three- and Four-
Factor models each using two different market return rates, the Nasdaq 100 Index return 
and a wide U.S. market return provided by K. French (French, 2017). We will primarily 
focus the presentation on the results from one of these models, the Four-Factor models 
using the Nasdaq 100 market rate. 
 
Three of the portfolios, the D portfolios, were constructed using a different premise than 
the others, namely that a long-short strategy was implemented to investigate the return 
differences between our highest (lowest) sentiment portfolios to see the effect of 
increased sentiment on the portfolio returns. As transaction costs are not included in this 
study the results from this portfolio will be slightly misleading as there are more 
transactions included in these portfolios than our normal, non-hedged portfolios. 
 
We will in this chapter also present the results of our study of the correlation between 
the sentiment score and the corresponding stock returns. To test its predictive qualities 
we have tested the Pearson correlation between the lagged sentiment scores and stock 
returns with the following hypotheses, restated from section 5.5: 
 
H0: rs,R = 0 
HA: rs,R ≠ 0 
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6.2 Sentiment Presentation 

As previously stated in section 5.2 our results are based on the individual sentiment 
score of over five million company specific tweets which we have collected during the 
period 2014-01-01 to 2016-12-31 for all the 40 companies in the sample. These scores 
have then been aggregated to daily values for each company which has then been 
averaged per week and resulted in the sentiment presented in Figures 4 and 5. Figures 4 
and 5 illustrate the weekly sentiment score for the two companies, with the sentiment 
score on the y-axis and week number on the x-axis. As can be seen in the examples 
presented the sentiment score varies heavily with clear peaks and bottoms. The 
sentiment scores are non-normalised and have a maximum range of -4 to 4. None of the 
weekly sentiment scores for any company reach these values, however. This is because 
a majority of the tweets collected have a sentiment score of 0, i.e. have been deemed 
neutral by our sentiment analysis program, which brings the mean closer to 0 for most 
of the time.  
 
As can be seen in Figure 5, the sentiment for Electronic Arts is for the most part within 
the realm of negative sentiment over the three year period with erratic spikes into 
positive sentiment and large dips into a sentiment score of -0.4 to -0.5. This is 
contrasted by Yahoo, displayed in Figure 6, which has a sentiment score varying 
between 0 and 0.2 for the first two years but which, following a short period of negative 
sentiment nearly reaching -1.2, the score declines to negative levels for most of 2016.  
 

 
Figure 5: Sentiment score time series for Electronic Arts 
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Figure 6: Sentiment score time series for Yahoo 
 
This variance in the sentiment illustrates the intention behind using sentiment to 
construct portfolios. As previous research has shown, time-lagged Twitter sentiment is 
supposedly correlated with stock returns which captures the majority of stock price 
developments. However, most of the research into the relationship between stock price 
movements and Twitter sentiment has focused primarily on the aggregate sentiment of a 
wider sample of stocks rather than the sentiment of tweets directed at a specific 
company. Therefore we have studied the correlation between the sentiment scores 
generated through our data collection and processing and the returns for the stocks 
included in our sample. An excerpt from the results showing the significant correlations 
can be found in Table 4. Full results are presented in Appendix 2, Table 15.  
 
Table 4 - Excerpt from Table 9.  

 
Company   Correlation   P-value 

 
Amazon    0,169    0,035** 
Expedia    0,138    0,085* 
Kraft Heinz   0,259    0,001*** 
Marriott International  0,190    0,018** 
NVIDIA    -0,144    0,073* 

 
* Significant at 10% level. ** Significant at 5% level. *** Significant at 1% level.  
 
Table 4 shows that for our sample, the five statistically significant correlations between 
weekly sentiment score and weekly returns range from -0.144 to 0.259, with the 
remaining non-significant correlations presented in Appendix 2. With only 12.5% of the 
correlation coefficients calculated being statistically significant it is clear that this result 
is unlikely to change when applied to the entire population.  
 
This result contrasts those found by Bollen et al. (2011), Zhang et al. (2011) and, among 
others, Yu et al. (2013) who all found evidence of predictive correlation between 
Twitter sentiment and stock returns, both on a industry and individual firm level. 
However, as is shown later in this chapter, this study has had some success in creating 
well-performing portfolios, which is indicative of a stronger relationship between the 
sentiment and stock returns than our correlation study has revealed. The main 
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implication of this is that either our method of ensuring tweet relevance or process for 
sentiment analysis is less effective than methods used in previous research, leading to 
reduced correlation between the sentiment scores and returns. As previously stated in 
section 5.2.2, SentiStrength routinely achieves accuracies of over 50%, which is 
supported by our own accuracy test, meaning that the likeliest reason for the poor 
correlations is our process for collecting relevant tweets.  

6.3 Overview of results  
Table 5 - Cumulative Portfolio Returns 

 
Portfolio  Total Returns 2014 Returns 2015 Returns 2016 Returns Average Returns 

 
P85  59,63%  33,15%  4,84%  14,36%  17,45%  
P75  76,38%  27,47%  16,72%  18,55%  20,91% 
P65  82,85%  27,39%  23,06%  16,64%  22,36% 
M35-65  40,44%  30,03%  9,22%  -0,01%  12,71% 
M25-75  51,16%  29,21%  14,71%  1,99%  15,30% 
M15-85  48,77%  24,27%  12,79%  6,14%  14,40% 
N35  33,12%  31,38%  -4,49%  6,09%  10,99% 
N25  30,34%  33,14%  -9,04%  7,62%  10,57% 
N15  44,45%  46,77%  -7,81%  6,76%  15,24% 
RCO  63,93%  34,95%  5,70%  18,95%  19,87% 

 
NASDAQ 100 43,14%  23,77%  8,46%  6,63%  12,95% 
All 40 Firms 51,61%  29,73%  8,57%  7,64%  15,31% 

 
D85-15  15.18%  -13,62%  12,65%  7,60%  2,21% 
D75-25  46,04%  -5,67%  25,76%  10,93%  10,34% 
D65-35  49,47%  -3,99%  27,55%  10,55%  11,37% 

 
 
In Table 5 the cumulative, annual and average annual returns are presented for each of 
our thirteen portfolios, as well as for the total sample of companies and the Nasdaq 100. 
We can see that the highest cumulative returns come from the higher percentile positive 
portfolios, P65, P75 and P85, which also gives them the highest average annual returns. 
We do, however, need to emphasise that these returns are not risk-adjusted and do not 
represent the actual metric by which to evaluate and compare these portfolios.  
 
The highest non risk-adjusted return comes from the P65 portfolio, which generated a 
cumulative return of 82,85% over the three year period followed by the P75 and P85 
portfolios with a cumulative return of 76,38% and 59,63% respectively over the same 
three years. The RCO also performed well with a 63,93% return over the period. During 
the same three year period the Nasdaq 100, our primary comparison index, increased 
43,14% and a portfolio consisting of our entire sample of companies increased by 
51,61%. This means that while our sample did outperform the market slightly our 
strategy added additional value and managed to increase the portfolio returns by an 
additional 10-30% approximately.  
 
As can also be seen in Table 5 nine out of our thirteen portfolios outperformed the 
Nasdaq 100 during the entire time period, however only four portfolios managed to 
outperform our sample. These four portfolios were all created with a focus on positive 
sentiment which somewhat contradicts the results from Tetlock (2008) and Uhl (2014) 
who both found that negative news sentiment carried greater predictive power. As can 
be seen from the D portfolios, our high sentiment portfolios, P, outperform the low 
sentiment portfolios, N, by an average of 36,9% over the entire period and 7,97% per 
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year. This, again, seems to reinforce that positive sentiment carries greater predictive 
power, at least within our sample.  

6.4 Results from Portfolio Regressions 

To reach a more conclusive conclusion regarding our results a number of regression 
analyses were conducted using both the Three- and Four-Factor models with both the 
Nasdaq 100 returns and French's wide market index as the market return rate. Overall, 
the Three-Factor model showed results which had a higher degree of significance than 
the Four-Factor model and using French’s wide market index as the MRP resulted in a 
higher degree of significance. We believe that this is due to the fact that the Nasdaq 100 
returns are more similar to our sample as it is drawn from the Nasdaq 100. These 
findings will be further explored in the sections below. The primary focus of this 
analysis will be the Four-Factor model using Nasdaq 100 as market return. This is 
because the different models provided similar results and this model is, for us, the most 
interesting. Tables summarising the other models are available in Appendix 2. 

6.4.1 Four-Factor model using Nasdaq 100 return 
Table 6 - Results from Four-Factor regression using Nasdaq 100 return

 
Portfolio  Alpha  P-value  R-Squared t-statistic  

 
P85   0,151%  0,319  62,55%  0,9987   
P75   0,204%  0,120  67,03%  1,1564  
P65   0,204%  0,085  71,82%  1,7372  
M35-65   0,005%  0,965  72,70%  0,0444  
M25-75   0,039%  0,715  76,84%  0,3659  
M15-85   0,037%  0,695  80,60%  0,3929  
N35   -0,055%  0,579  77,92%  -0,5568  
N25   -0,068%     0,543  72,65%  -0,6095  
N15   -0,005%  0,969  62,28%  -0,0392  
RCO    0,138%  0,340  65,60%  0,9581  

 
D85-15   0,156%  0,380  11,54%  0,8810  
D75-25   0,272%  0,043  9,26%  2,0414  
D65-35   0,259%  0,020  5,81%  2,3463  

 
Alphas and R-Squared presented as weekly percentages. All other numbers presented as decimal values.  
 
As can be seen in Table 6, using Nasdaq 100 return as market return in the Four-Factor 
model results in our P65 portfolio having a weekly alpha, or risk-adjusted return, of 
0,2043%, which accumulates to an annual risk-adjusted return of approximately 
11,20%. This result was significant at the 10% level. The P75 portfolio had a weekly 
alpha of 0,2041%, which accumulates to an annual abnormal return of approximately 
11,18%, but was, however, not significant at the 1, 5 or 10% level with a p-value of 
0,120. They are followed by the P85 and RCO portfolios which achieved an annual 
risk-adjusted return of 8,16% and 7,43% respectively. Neither of these results were 
statistically significant, however.  
 
The D75-25 and D65-35 portfolios had weekly alphas of 0,272% and 0,259%, which 
accumulates to annual risk-adjusted returns of 15,17% and 14,40% respectively, and 
were both significant at the 5% level. Worth noting is that the cumulative non-risk 
adjusted return in table 5 is much lower for the D portfolios than for the P75 and P65 
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portfolios, this is probably because they are hedged and thus the risk adjusted returns for 
these portfolios are higher while the cumulative non-risk adjusted return is lower. The D 
portfolios also indicate the performance disparity between the corresponding P and N 
portfolios. A positive alpha for a D portfolio indicates the effect that our sentiment 
scores have had on the portfolio performance. All the D portfolios have a weekly alpha 
over 0,15% which indicates that our high scoring portfolios outperform their their lower 
scoring counterparts by a fair margin. The fact that two of the D portfolios have 
statistically significant alphas also strengthens this indication as this difference is 
unlikely to be the result of random occurrence.  
 
One should be cautious when approaching these results, however, as our sample only 
consists of 40 stocks, which means that our higher percentile portfolios, eg. P85 and 
N15, only contain six stocks respectively. This means that they are less diversified than 
our more inclusive portfolios. It can be seen in table 5 that the annual results from both 
P85 and N15 vary heavily from year to year when compared to the Nasdaq 100 or our 
more inclusive portfolios, such as P65, which indicates that these portfolios are more 
volatile and are unlikely to outperform the market over a longer time period.  
 
R2 for the P75 and P65 portfolios lies at 67% and 72% respectively. This means that the 
factors included in this iteration of the Four-Factor model are capable of explaining 
67% and 72% of the returns generated by our respective portfolios. This indicates that 
the remaining 28-33% of our portfolio returns are the result of information not 
contained within these four factors but instead found in the sentiment scores our method 
has produced, or any other number of factors contained within the regression error term. 
However, we cannot confidently say that the sentiment can explain the remaining 28-
33%, nor that it does not restate some of the information contained within the Fama-
French factors.  
 
The hypothesis testing resulted in the null hypothesis being rejected for one of the 
portfolios, P65, at the 10% level. This indicates that by constructing portfolios using the 
same strategy abnormal returns different from zero should be earned. It also indicates 
that the market is not strongly efficient as these abnormal returns were generated 
without the use of private corporate information. This indication is, however, contested 
by the joint-hypothesis problem which means that our alphas cannot properly dispute 
the EMH. 
 
  



 

 47 

Table 7 - Multiple regression of Four-Factor model using Nasdaq 100 return. 
 

Portfolio  Intercept  RMkt - RF  SMB  HML  MOM 
 

P85  0,151%  0,805***  0,100  -0,296  0,065 
(0,320)  (0,000)  (0,459)  (0,513)  (0,481) 

P75  0,204%  0,818***  0,285  -0,183  0,105 
  (0,120)  (0,000)  (0,103)  (0,287)  (0,710) 
P65  0,204%*  0,875***  0,249**  -0,071  0,016 
  (0,085)  (0,000)  (0,027)  (0,386)  (0,928) 
M35-65  0,005%  1,034***  0,288*  -0,215*  0,113 
  (0,965)  (0,000)  (0,055)  (0,060)  (0,905) 
M25-75  0,039%  1,038***  0,286***  -0,031  0,087 
  (0,715)  (0,000)  (0,009)  (0,115)  (0,890) 
M15-85  0,037%  0,996***  0,290***  -0,048**  0,067 
  (0,652)  (0,000)  (0,003)  (0,044)  (0,853) 
N35  -0,055%  1,026***  0,237***  0,121  0,053 
  (0,579)  (0,000)  (0,004)  (0,370)  (0,879) 
N25  -0,068%  1,024***  0,157**  0,099  -0,032 
  (0,543)  (0,000)  (0,023)  (0,736)  (0,818) 
N15  -0,005%  1,033***  0,228**  0,257  0,009 
  (0,969)  (0,000)  (0,022)  (0,453)  (0,695) 
RCO  0,138%  0,908***  0,103  -0,238***  0,122 
  (0,340)  (0,000)  (0,892)  (0,007)  (0,694) 

 
D85-15  0,156%  -0,228  -0,128  -0,553  0,057  
  (0,380)  (0,535)  (0,247)  (0,255)  (0,367) 
D75-25  0,272%**  -0,206  0,128  -0,282  0,138 
  (0,043)  (0,925)  (0,752)  (0,446)  (0,578) 
D65-35  0,259%**  -0,151  0,011  -0,192  -0,037 
  (0,020)  (0,928)  (0,828)  (0,904)  (0,816) 

 
Intercepts presented as weekly percentages. All other numbers are decimal values. Corresponding p-values are presented in brackets 
underneath factor beta. * Significant at 10% level. ** Significant at 5% level. *** Significant at 1% level.  
 
In Table 7 the complete results of the multiple regression analysis with the Four-Factor 
model using the Nasdaq 100 index return can be observed. As can be seen the beta for 
the market return factor is positive and circles close to one for all regressed portfolios, 
while also being highly significant. Because these portfolios are completely made up of 
equity, this is a common result and means that the portfolios tend to be slightly less 
volatile than the market with an average beta of approximately 0,96 for all portfolios, 
excluding the D portfolios, reaffirming that they are less volatile than the market. The D 
portfolios all have negative betas, indicating counter-movements to the market. 
However, too much weight should not be placed in this result as the low R2 of the D 
portfolios, as shown in table 6, indicates that very little of the movements of the D 
portfolio return is explained by the model.  
 
The SMB factor is significant at the 10% level for a majority of the portfolios and is 
consistently positive. This is an unexpected result as the SMB factor is, as explained in 
section 3.4, made up of the excess returns of small firms over that of large firms, and 
our portfolios exclusively contain the stocks of companies currently listed on the 
Nasdaq 100, i.e large companies, which explains the positive betas for the SMB factor. 
However, as explained by Chen & Bassett (2014) a positive beta loading on the SMB 
factor does not always imply that the portfolio is made up of small firms, but instead 
that the returns for the portfolio is positively exposed to the SMB factor because of 
some other reason, such as the business focus of the companies in the portfolio. For the 
D portfolios the SMB factor loads average close to zero and are consistently non-
significant, which indicates no relationship between their respective returns.  
 
Unlike the market return factor and the SMB factor, the HML factor only significant for 
three our the thirteen portfolios. However, it differs from the market return and SMB 
factors in that it seems to have an inverse relationship to the alpha. In all cases where 
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the alpha is negative the the HML factor has a negative load. This is likely because the 
HML factor is calculated using the returns of value stocks over that of growth stocks, 
which means that a negative beta indicates that the majority of the stocks in a portfolio 
are growth stocks or simply overvalued which in this case applies to our portfolios.  
 
The MOM factor is consistently non-significant with loadings ranging from 0,138 to -
0,037 and appears to have little to no impact on the majority of the portfolios. When 
compared to the Three-Factor models, presented in tables 11-14 in Appendix 2, the 
momentum factor fails to improve the R2 of the model. This means that the momentum 
effect is most probably not present within our sample and that it provides no new 
information about the returns from our portfolios. This means that neither portfolios 
with a low nor high sentiment score seem to exhibit the momentum effect observed by 
Jegadeesh and Titman (1993), which is consistent with results found by Tetlock et al. 
who found no strong relation between the four factors and news-based sentiment (2008, 
p. 1458).  

6.4.2 Summary and Comparison of Remaining Models 
In Appendix 2 the tables which present the remaining models can be found. As can be 
seen in tables 11-16 a common trend for the results can be found. Consistently for the 
rest of the models, portfolios P75 and P65 exhibit the highest alphas and lowest p-
values of the non-hedged portfolios. This is consistent with results from the Nasdaq 100 
Four-Factor regression and shows that these results are robust to changes of the control 
variables, which strengthens our results.  
 
The D75-25 and D65-35 portfolios’ alphas are slightly higher than for the P75 and P65 
portfolios as seen in Appendix 2. This result is very similar to the result from the Four-
Factor model using Nasdaq 100 presented above. This is also an expected outcome as, 
for example, the D75-25 portfolio alpha is the difference between the risk-adjusted 
returns for the P75 and N25 portfolios, which is expected to be higher than the P75 
returns as the risk-adjusted return for our N portfolios is negative.  
 
The different models do not generate very different results, indicating that the 
momentum factor and the different market returns have a marginal impact on the risk-
adjusted return. The R2  in the Three and Four-Factor models using Nasdaq 100 are very 
similar to each other and slightly higher than the R2 for the models using French’s wide 
market index. The reason for this is most likely that since our portfolios consists of 
stocks from the Nasdaq 100 they are naturally more correlated with the Nasdaq 100 
index itself than French’s wide market index. This is because French’s wide market 
index contains all stocks listed on the NYSE, Nasdaq and AmEx, thereby being more 
diversified and diluted to Nasdaq 100 returns.  
 
The most noticeable difference between the models concerns the SMB factor. The 
models using French's wide market index have a negative SMB beta while the models 
using the Nasdaq 100 market return have positive SMB factor betas. The reason for this 
might be that when using French’s wide market index the stocks in our portfolios are 
relatively larger compared to the average stocks on that index which gives us a negative 
SMB coefficient, as explained by Chen & Bassett (2014, p. 547). The SMB factor is 
also consistently significant for a clear majority of the portfolios suggesting that this 
relationship between our portfolio returns and the SMB factor is unlikely to be the result 
of coincidence.  
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The HML factor on the other hand is mostly negative for all portfolios. When using the 
Nasdaq 100 returns, the results mirror the Four-Factor results presented in the previous 
section with the HML factor betas being positive for our N portfolios. The betas are also 
gathered closer to zero and somewhat less significant when compared to the models 
using French’s return. When French’s return is used in the models the HML factor betas 
are all negative and significant at the 1% level. This indicates that our portfolios are 
primarily constructed from growth stocks, especially when paired with French’s wide 
market return. 

6.5 Additional Risk-Adjusted Return Measures 
Table 8 - Sharpe Ratios and M2 for portfolios 

 
Portfolio  Sharpe Ratio M2 Nasdaq M2 French’s Wide Market Return 

 
P85   0,119  0,283%  0,215% 
P75   0,152  0,360%  0,273% 
P65   0,164  0,389%  0,295% 
M35-65   0,095  0,226%  0,171% 
M25-75   0,115  0,274%  0,208% 
M15-85   0,115  0,274%  0,208% 
N35   0,087  0,208%  0,158% 
N25   0,081  0,193%  0,146% 
N15   0,104  0,247%  0,187% 
RCO   0,127  0,302%  0,229% 

 
D85-15   0,032  0,077%  0,059% 
D75-25   0,122  0,290%  0,220% 
D65-35   0,156  0,371%  0,281% 
 
Nasdaq 100   0,109  -  - 
Wide Market Return 0,097  -  - 

 
 
In table 8 the Sharpe Ratios and Modigliani’s M2 for each portfolio can be seen. Our 
best performing portfolio in the statistical analysis, P65, here continued to perform well 
and had the highest Sharpe Ratio and M2, at 0,164 and 0,389 respectively, of all 
portfolios during the time period. The D65-25 portfolio had the second highest Sharpe 
Ratio and M2 of all the portfolios followed by the P75 portfolio. Eight of the thirteen 
portfolios had higher Sharpe Ratios than  the Nasdaq 100 index and French’s wide 
market index, reaffirming that our strategy results in portfolios which outperform the 
market on a risk-adjusted basis.  
 
Although alphas and Sharpe Ratios are not directly comparable, an observation we have 
made is that, as we can see in table 6, the alphas for the D75-25 and D65-35 portfolios 
are relatively higher than any of the non-hedged portfolios while their Sharpe and M2 
ratios, as we can see in table 8, are more similar to each other. This is most likely 
because of the factors used in the Four-Factor model as these factors are supposed 
account for the systematic risk while the Sharpe Ratio and M2 only use the standard 
deviation for the constructed portfolio and the market and thereby do not account for the 
systematic risk in the same manner as the Three- or Four-Factor models.  
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Regardless, the fact that both the Sharpe Ratio and the M2 arrive at very similar 
conclusions regarding the risk-adjusted performance of our respective portfolios further 
strengthens the reliability of our study.  
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7.0 Discussion 

 
In this chapter we will further discuss and analyse the results and try to connect these 
results to theoretical frameworks. The discussion is separated from the result and 
analysis since we wish to be clear about the fact that some arguments in the discussion 
has not been proven scientifically. 

 
 
In this study we constructed thirteen different portfolios using two strategies, cut-off 
values and percentages. We also constructed three portfolios based on the difference 
between our P and N portfolios. These were created to investigate the impact of positive 
and negative sentiment on our strategy. The results from our analysis of different 
portfolio construction strategies has revealed one portfolio, in particular, which 
consistently generated significant abnormal returns over our time period. This was the 
P65 portfolio which included the 35% of our sample of companies with the highest 
sentiment scores during the previous week.  
 
This results for portfolio P65 were, as previously stated, statistically significant which 
implies that this strategy could be replicable and applicable to our entire population, the 
constituents of the Nasdaq 100 index. These results are consistent with ones found in 
earlier studies which investigated the effects of sentiment on stock returns. However, 
little research has been conducted on the specific usage of Twitter sentiment in this way, 
which may explain the differing size of the abnormal returns. These abnormal returns 
are also generated without the inclusion of transaction costs, which can, as shown by 
Tetlock et at. (2008), negate a large portion of any abnormal returns. However, as the 
trading frequency is quite low and the stocks traded are liquid the transaction costs 
would probably not have a results-altering impact.  
 
The original intention with the negative sentiment was to use it to create portfolios of 
stocks to short sell in an attempt to exploit the results found by Tetlock et al. (2008) and 
Uhl (2014). However as can be seen in the tables presented in section 6.3 this would not 
have been advisable as the portfolios based on negative sentiment generated positive 
returns but underperformed the Nasdaq 100, which had a period of considerable growth 
between 2014 and 2016. This could also be a reason why all portfolios generated 
positive returns over the time period. Furthermore, the negative sentiment generated 
fewer observations than the positive sentiment, however, this may be due to the way 
SentiStrength is built or due to how language is used in general.  
 
Furthermore, the results show that the D portfolios have performed well during the 
entire period on a risk-adjusted basis. The reason behind these high significant alphas is 
probably that the portfolios are more diversified as they contain around twice as many 
stocks as most portfolios we have constructed on top of “hedging our bets” by taking 
both long and short positions on the market. However, these results are more susceptible 
to transaction costs as they also involve double the number of transactions, with half of 
them being shorts, meaning that more of the results would be lost to these costs.  
 
These results lend further evidence to the inefficiencies of markets due to the fact that 
abnormal returns were able to be generated without the use of inside information. The 
Efficient Market Hypothesis states that in a strongly efficient market the only way to 
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beat the market is to use private information, which the Twitter sentiment is not. We 
have, earlier in this study (see section 3.1), discussed whether or not the sentiment can 
be considered obviously available information and be used to argue against the semi-
strong form of market efficiency. We, however, do not believe that this is the case as 
some technical expertise is required which the average investor is unlikely to possess. 
An argument can, on the other hand, be made for labeling sentiment as obvious 
information as access to it is most likely available for large, and, or institutional 
investors as the technical expertise required is not uncommon among these larger 
investors. However, this depends on your definition of obvious information. In any case 
the impact of this definition does not heavily impact the results of our study.  
 
If we were to change our definition the change would be limited to our hypothesis 
testing, and would alter our interpretation of the results to include support against the 
semi-strong form of market efficiency. However, this discussion is somewhat irrelevant 
as the joint-hypothesis problem, presented in section 5.5.5, is still very much in effect. 
This means that any statements made about the level of market efficiency among 
Nasdaq 100 companies during the period 2014-01-01 to 2016-12-31 is conjecture and 
not empirically supported as any test of market efficiency is also a test of the model 
used to measure efficiency. The only statements we can confidently make about market 
efficiency is that when using our models as measures of efficiency we have found some 
results which contradict the EMH. However, our models are unlikely to be perfect 
measures of market efficiency, meaning that further discussion is excessive.  
 
A point worth discussing is whether the effects of sentiment have a time limit on their 
usefulness. Nofer argued that the predictive power of social media could be diminishing 
over time as access to this type of data become simpler and more readily available 
similarly to other sentiment effects, such as the weather effect (2014, p. 82-83). We 
achieved the highest cumulative non-risk-adjusted results in 2014, however, we cannot 
see any noticeable trend. Our time-period of three years is too short to make any 
definitive statements about the diminishing effect of sentiment. We have, however, not 
observed any major loss during the period which indicates that the effect of sentiment is 
most likely still relevant.  
 
Our results have, on the other hand, shown differing results than what has been 
previously discovered with regards to the effects of sentiment. Both Tetlock et al. 
(2008) and Uhl (2014) found a larger impact of and stronger predictability from 
negative sentiment on stock returns, while we have found the opposite. We found no 
significant abnormal returns from our portfolios based on negative sentiment, however 
we did not perform an in-depth statistical analysis on the relationship between the 
sentiment and stock returns which may explain this discrepancy. Our main result was 
that positive sentiment seems to effectively predict positive returns the following week 
which can be related to the theory of social dynamics and mass psychology presented 
by Shiller et al. (1984). This theory seems to fit in well with our results since the 
sentiment on Twitter gives an idea of people's opinion of a certain company which then 
can affect the returns on that company’s stock.  
 
Our results also seem to lend support to our idea that Barber & Odean’s 2008 results 
that investors tend to buy attention-grabbing stocks are applicable to Twitter sentiment. 
With society being increasingly stressed and focused on quick results the sentiment of 
tweets seem to act as a decent proxy to alternative sources of information for finding 
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good investment options. This goes hand in hand with Signaling Theory in that the 
Twitter sentiment, especially in our case positive sentiment over a certain threshold, 
seems to act as a signal which predicts positive returns by directing investor attention.  
 
Our choice to primarily focus on the Four-Factor model in the analysis was due to the 
fact that the momentum factor used in the Four-Factor model was insignificant in all 
regressions and did little to improve the R2 of the models, which we found interesting. 
However, when comparing the results from our regression analyses and models some 
interesting differences appear. When comparing the betas for the market factor it is 
evident that our portfolios were on average less volatile than the Nasdaq 100 while 
being more volatile than French’s wide market return as the betas for our portfolios 
were on average higher when using French’s wide market return than when Nasdaq 100 
was used. This is most likely due to the fact that French’s wide market return is built up 
of all the stocks from three different indices which has the effect of reducing volatility 
through diversification, something that the Nasdaq 100 lacks. It also indicates that our 
strategy was able to produce somewhat efficient portfolios as they, on average, have 
lower volatility than the index from which they were produced.  
 
The results from the SMB were, however, somewhat surprising. In our first regression 
set using French’s wide market return the negative betas indicate that the portfolios are 
made up of the stocks from large market cap companies rather than small market cap 
stocks, or at least correlated with returns from large-cap stocks. This is an expected 
outcome as our sample is drawn from the Nasdaq 100 index which is made up of the 
100 largest companies listed on Nasdaq. This relationship changed in our second set of 
regressions, however, when the Nasdaq 100 returns were used instead of French’s. The 
SMB factor betas changed from negative to positive which indicates that when 
compared to the Nasdaq 100 the companies included in the portfolio were among the 
smaller companies included in the index, or have returns which correlate with returns 
dependent on small cap firms. This could be the case as it is common for large 
technology firms to acquire small cap firms, which would make their returns more 
interconnected.  
 
The HML betas, on the other hand, remain negative for both regression sets, indicating 
that our portfolios consist of mostly growth stocks. However, the HML factor loses 
significance for 6 portfolios during the second set of regressions, meaning that this 
relationship between growth stock returns and our portfolio returns has weakened when 
using the Nasdaq 100 return. According to Fama and French (1992 & 1993) the HML 
factor is a measure of the future performance of a portfolio as value stocks have 
historically outperformed growth stocks. This indicates that some of the cumulative 
returns of our portfolio comes from stocks in our portfolio being growth stocks.  
 
There were no real differences in the results from our Three- and Four-Factor 
regressions. The addition of the momentum factor to the models seems to have had little 
to no effect on the other factors or the R2 indicating that our portfolios do not seem to 
exhibit the persistence in returns found by Jegadeesh and Titman (1993). The non-
significant momentum betas that resulted from our regressions were small, showing that 
our portfolio returns were uncorrelated with past returns, which means that portfolios 
that performed well one week were unlikely to do so the following week, however this 
has not adversely affected the positive trend found in our portfolio returns. 
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However, these results do not apply to the D portfolios as these portfolios follow a long-
short hedging strategy which alters their interaction with the four factors. The returns 
for the D portfolios are, in general, uncorrelated with the factors included in the models 
used for the regression, with the exception of the HML factor when using the Three-
Factor model. This means that these returns are not significantly exposed to the 
systematic risk factor for which the SMB, HML and MOM factors act as proxy nor the 
diversifiable risk represented by the market factor.  
 
Studies in the past have, however, focused on investigating the relationship between 
sentiment and stock returns, on more platforms than simply Twitter. This means we 
have a larger base of research with which to compare the results from our sentiment 
analysis and as stated in section 6.2 our results have differed from those found in 
previous studies. The most probable reason for this difference is the method with which 
the sentiment has been collected and processed. Several of the studies in this field of 
study have used both lexicon-based and machine learning-based methods for sentiment 
analysis and the going theme has been that machine learning algorithms have performed 
with higher accuracy than lexicon-based programs. However, machine learning is a 
more time consuming and technically demanding process, making it impossible to use 
this method under the current time constraints. Another possible reason for this 
difference is the size of the dataset. By scraping historical data from Twitter we were 
able to assemble a larger dataset than what was found in our literature review. This gave 
us a larger sample with which to work but could also have had the effect of essentially 
diluting the sentiment when measured on a weekly basis and therefore affected our 
result. 
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8.0 Conclusion 
 

The purpose of this study was to investigate if it is possible to generate abnormal 
returns by constructing portfolios based on firm specific Twitter sentiment and as a sub 
purpose to investigate if there was a correlation between the sentiment score and the 
corresponding stock price movements. We will in this chapter answer the research 
question and purpose of the study, the contributions from this study will be addressed 
and suggestions for future research will be made.

 

8.1 Sentiment - Portfolio Performance 
This study set out to answer the following research question “Can Twitter sentiment be 
used to construct portfolios of stocks which generate abnormal returns on the Nasdaq 
100?” 
 
Our results suggest that it may be possible to generate abnormal return by constructing 
portfolios based on company specific Twitter sentiment. Two portfolios based on high 
sentiment scores and two of our difference portfolios had statistically significant 
positive alphas of between 11 and 15% per annum regardless of the regression model 
used. However, while portfolios based on low sentiment scores did exhibit negative 
alphas, these were non-significant. Furthermore, no portfolios based on high sentiment 
generated negative risk-adjusted returns and no portfolios based on low sentiment 
generated positive risk-adjusted returns. This suggests that investing in portfolios based 
on higher sentiment scores can potentially lead to greater value.  
 
The results from our study, combined with the results from previous research within this 
field, indicate that the effect or predictive power of sentiment has been a persistent 
phenomenon during the years before 2016 as successful studies have been carried out 
over a number of different time periods. This supports the idea that an investment 
strategy based on sentiment could be an effective tool for generating abnormal returns 
on a consistent basis. However, we need to keep in mind both that our significant 
positive alphas may have emerged out of chance since we have constructed several 
different portfolios and that as returns based on sentiment are likely to diminish as 
knowledge of how sentiment affects stock returns becomes more commonplace.  

8.2 Sentiment - Return Correlation 
The sub purpose of this study was to “investigate whether or not the sentiment scores 
generated in this study will correlate with the returns of the corresponding stock.”  
 
As presented in the results, only five our 40 sentiment scores were significantly 
correlated with their corresponding stock returns. This outcome contradicts results from 
previous studies that have found strong correlations between sentiment and stock 
returns. This, in turn, implies that our method for generating the weekly sentiment 
scores was less accurate than those used in previous studies. This suggests that further 
refinement of our methodology is needed to achieve the correlations found in previous 
studies.  
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However, since our portfolios based on high sentiment scores, especially P65, managed 
to consistently beat the market and generate abnormal returns, the sentiment seems to 
have managed to filter out some of the worst performing stocks each week. This could 
be an indication of a greater relationship between the sentiment and returns than our 
investigation of the correlation between these two factors would suggest. This, again, 
suggests that the actual reason behind the low correlation is based on the method used to 
collect and analyse the sentiment data rather than a lack of relation between sentiment 
and returns, but a more in-depth study would be required to confirm or deny this.  

8.3 Contribution 
The results of our study add support to the theory that it is possible to generate 
abnormal returns by using sentiment based trading strategies, especially by constructing 
portfolios using our methodology. This information is of use to both private and 
institutional investors by demonstrating how, in practice, an investment strategy based 
on sentiment could be implemented and used to construct portfolios which consistently 
beat the market and earn abnormal returns. Even though transaction costs were not 
included in this study they are unlikely to have a significant impact on the results as 
transaction costs are, at present, low when trading highly liquid securities, especially for 
large and institutional investors.  
 
The study has also contributed by adding material to the existing research on sentiment 
and stock returns, especially since we used a large dataset of historical data spanning 
three years and a more uncommon method by investigating company specific Twitter 
sentiment rather than an aggregated sentiment for the market. It also adds to the 
discussion about the EMH and whether or not markets are efficient or the product of 
human behaviour and sentiment by showing that markets can be consistently beaten 
without the use of insider information.  

8.4 Future Research 

To conclude this chapter we intend to bring forth some issues which would be 
interesting as areas of future study. Firstly, as we have focused our study on the Nasdaq 
100 during the period 2014-2016, an obvious suggestion is to further expand the usage 
of historical data to other markets and indices as our study has been quite limited on that 
front, in both market inclusion and sample size. Another available area of research 
would be to divide companies into different strata based on Twitter followers or 
mentions etc. We would also suggest using different holding periods, or conducting 
event studies, and also different lag period for the sentiment as research has come to 
contending results as to the extent of the sentiment effect. Conducting an event study 
would be interesting because this would allow for the investigation of spikes in both 
sentiment and tweets.  
 
Another interesting area of future study would be to investigate whether stock prices 
can be manipulated through the use of sentiment. As mentioned in section 3.3.2 there is 
some anecdotal evidence of this but as sentiment-based trading becomes more prevalent 
among large investors the possibility for stock manipulation through the use of e.g 
spam-bots or fake accounts increases.   
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9.0 Validity and Reliability 

 
In this, the final chapter of our quest, we will discuss the validity and reliability of the 
methodology used to conduct this study. When conducting a study it is important to 
maintain distance and not let the results be influenced by your own values and beliefs. 
The study investigated the relationship between Twitter sentiment and stock returns, 
and we have used proven statistical methods to test our hypotheses.  

 

9.1 Validity 
According to Bryman et al. (20xx, p. 80) validity is one of the most important criteria to 
fulfill when conducting research. This is to ensure that conclusions drawn are done so 
from research which has been executed correctly. For our study there are three main 
types of validity which we will discuss: measurement validity, internal validity and 
external validity. 
 
Measurement validity is concerned with ensuring that a constructed measure measures 
the concept for which it was designed (Bryman et al., 20xx, 80). In our case this is 
whether the tools used to perform our sentiment analysis actually provides an accurate 
measure of opinions expressed on Twitter. To test the validity of the tools used, i.e. 
SentiStrength, we manually coded a small sample of tweets and compared the results to 
ones produced by SentiStrength. The sample consisted of 364 manually coded tweets 
and out of these tweets we found 102 errors by SentiStrength, mostly related to the use 
of sarcasm. This resulted in an accuracy of approximately 72% which is higher than 
results from accuracy tests presented in section 5.2.2 and performed by Thelwall et al. 
(2012) and Vilares et al. (2015), however these tests were performed on larger samples 
meaning that greater emphasis should be put on the results from these tests. 
Furthermore, the measures of abnormal return, the Three- and Four-Factor models, are 
widely used within financial research (Li, 2006; Tetlock et al, 2008; Twedt & Rees, 
2012; Ferguson et al., 2015) which strengthens the validity our study.  
 
Internal validity is mainly concerned with if a causal relationship between two or more 
variables are accurate (Bryman et al., 20xx, p. 81). Bollen et al. (2011) and Ranco et al. 
(2015) found support for a causal relationship between Twitter sentiment and stock 
returns, however, though our portfolio results were statistically significant we were 
unable to replicate their results and cannot confidently say that there exists a causal 
relationship between sentiment and stock returns as the correlations found between 
those two variables were low and nonsignificant.  
 
External validity asks the question if the results can be generalized beyond the research 
context (Saunders et al., 2008, 158). Since we in our study conducted a random draw of 
all the companies on the Nasdaq 100 we can say that the results from the P65 and P75 
portfolios can be generalised to this index as they were statistically significant.  
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9.2 Reliability 
Reliability concerns whether the results of a study are repeatable and give consistent 
results (Bryman et al., 20xx, 80). In chapter five we have presented our complete 
methodology and process for conducting this study which included the processes used 
to collect, sort and analyse the raw data. The financial data used in this study was 
collected from Thomson Reuters Datastream which is considered a reliable source of 
financial information by the financial community. In order to minimise the effect of 
human error, all calculations and data processing has been conducted with both authors 
present which has allowed us to continually check each other's work. As our dataset was 
collected from Twitter there is a risk that recollecting the data would yield different 
results as some tweets or accounts included in our dataset have been deleted.  

9.3 Ethics 
Since the data used is publicly available information we do not consider the usage of 
tweets as a data source infringing on personal integrity or privacy. This is because 
Twitter users make a conscious choice to post their thoughts on the Internet, knowing it 
is publically available. Nevertheless, in the first stage of data processing we chose to 
exclude usernames in order to ensure privacy for the people whose tweets were 
collected.  
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Appendix 1 - Random sample of companies 
  

✓ ATVI, Activision Blizzard Inc, 47.81, 0.74,1.57, 8143899, .5,  

✓ AKAM, Akamai Technologies Inc., 63.06, -0.3,-0.47, 1067045, -.1, 

✓ ALXN, Alexion Pharmaceuticals Inc., 133.33, -1.66,-1.23, 1209052, -.3, 

✓ AMZN, Amazon.com Inc., 846.61, -3.27,-0.38, 2610370, -1.4, 

✓ AAL, American Airlines Group Inc., 45.31, -1.51,-3.23, 11336565, -.7, 

✓ ADI, Analog Devices Inc., 83.85, 0.67,0.81, 3717381, .2, 

✓ AMAT, Applied Materials Inc., 36.86, -0.01,-0.03, 9219071, .0, 

✓ ADP, Automatic Data Processing Inc., 104.95, 0.45,0.43, 1678307, .2, 

✓ BIDU, Baidu Inc., 173.3, -0.49,-0.28, 1223564, -.1, 

✓ BIIB, Biogen Inc., 295.66, -2.19,-0.74, 1395575, -.4, 

✓ CELG, Celgene Corporation, 123.52, -0.14,-0.11, 2809430, -.1, 

✓ CHTR, Charter Communications Inc., 323.77, 1.45,0.45, 765471, .3, 

✓ CHKP, Check Point Software Technologies Ltd., 98.96, -0.4,-0.4, 692509, -
.1, 

✓ CTAS, Cintas Corporation, 118.61, 0.2,0.17, 287025, .0, 

✓ CTXS, Citrix Systems Inc., 79.66, -0.29,-0.36, 2189172, .0, 

✓ CTRP, Ctrip.com International Ltd., 47.51, -0.31,-0.65, 2131391, -.1, 

✓ DISCA, Discovery Communications Inc., 27.78, -0.11,-0.39, 4676712, .0, 

✓ EA, Electronic Arts Inc., 87.14, -0.1,-0.11, 1882327, .0, 

✓ EXPE, Expedia Inc., 121.49, 1.37,1.14, 2243809, .2, 

✓ ILMN, Illumina Inc., 166.69, -1.81,-1.07, 679044, -.2, 

✓ ISRG, Intuitive Surgical Inc., 735.7, -9.09,-1.22, 399851, -.3, 

✓ JBHT, J.B. Hunt Transport Services Inc., 98.55, 0.7,0.72, 566567, .1, 

✓ JD, JD.com Inc., 30.41, -0.52,-1.68, 8109765, -.4, 
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✓ LBTYA, Liberty Global plc, 35.24, 0.36,1.03, 1845019, .1, 

✓ QVCA, Liberty Interactive Corporation, 19.21, 0.35,1.86, 3785146, .1, 

✓ MAR, Marriott International, 86.72, -0.07,-0.08, 2106979, .0, 

✓ MNST, Monster Beverage Corporation, 46.98, -1.06,-2.21, 6425449, -.5, 

✓ MYL, Mylan N.V., 44.04, -1.14,-2.52, 5353290, -.5, 

✓ NVDA, NVIDIA Corporation, 97.67, -0.76,-0.77, 22089169, -.4, 

✓ ORLY, O'Reilly Automotive Inc., 268.86, -1.79,-0.66, 811939, -.2, 

✓ REGN, Regeneron Pharmaceuticals Inc., 381.93, 3.27,0.86, 1020846, .3, 

✓ SBAC, SBA Communications Corporation, 115.17, 0.19,0.17, 1089204, .0, 

✓ SHPG, Shire plc, 184.48, -1.82,-0.98, 516431, -.1, 

✓ SIRI, Sirius XM Holdings Inc., 5.09, -0.015,-0.29, 16144722, -.1, 

✓ SBUX, Starbucks Corporation, 56.68, -0.42,-0.74, 9159983, -.5, 

✓ KHC, The Kraft Heinz Company, 91.16, -0.34,-0.37, 2044942, -.4, 

✓ VIAB, Viacom Inc., 42.19, -0.12,-0.28, 2735245, .0, 

✓ VOD, Vodafone Group Plc, 25.13, -0.14,-0.55, 2859066, -.1, 

✓ WDC, Western Digital Corporation, 76.8, -0.74,-0.95, 3854957, -.2, 

✓ YHOO, Yahoo! Inc., 45.64, -0.27,-0.59, 6694863, -.2, 
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Appendix 2 - Tables 
Table 9 - Correlations between sentiment and corresponding stock returns.  

Company Correlation P-value 

Activision Blizzard -0.024539796 0.761064881 

Akamai -0.002244811 0.977811924 

Alexion 0.04968925 0.537889314 

Amazon 0.169025462 0.034914377** 

American Airlines 0.079809099 0.321988787 

Analog Devices 0.049168152 0.542166663 

Applied Materials 0.025596854 0.751102961 

Automatic Data Processing -0.048159604 0.550492585 

Baidu 0.065113104 0.419332865 

Biogen 0.012478549 0.877129128 

Celgene 0.033978352 0.673683551 

Charter Communications -0.056795211 0.48128609 

Check Point Software Technologies 0.039934986 0.620618591 

Cintas  0.084971079 0.291580067 

Citrix Systems -0.029585614 0.713893105 

Ctrip.Com International 0.04604896 0.568115827 

Discovery Communications -0.038272873 0.635245106 

Electronic Arts -0.051321806 0.524598287 

Expedia 0.138262506 0.085198837* 

Illumina 0.058660345 0.466979926 

Intuitive Surgical 0.033124141 0.681435006 

J.B. Hunt Transport Services -0.053143018 0.509970499 

JD.com 0.063876744 0.428236328 

Kraft Heinz 0.259497427 0.001070623*** 

Liberty Global -0.048201399 0.550146319 

Liberty Interactive -0.059617393 0.459730745 

Marriott International 0.189831894 0.017617766** 

Monster Beverage 0.047020018 0.559974647 

Mylan  0.111712449 0.165010305 
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NVIDIA -0.143764947 0.07337432* 

O’Reilly Automotive 0.038818247 0.63042992 

Regeneron Pharmaceuticals 0.063730603 0.429295894 

SBA Communication -0.020294945 0.801449955 

Shire  -0.08082027 0.315876215 

Sirius XM Holdings 0.041398006 0.607865623 

Starbucks 0.013048608 0.871563216 

Viacom 0.087669479 0.276470691 

Vodafone Group -0.05036435 0.53237292 

Western Digital 0.054947403 0.495689105 

Yahoo -0.092701973 0.249725797 

* Significant at 10% level. ** Significant at 5% level. *** Significant at 1% level. 
 
Table 10 - Portfolio Construction 

 
Portfolio  Description 

 
P85   Contains the stocks of the companies with a sentiment score above the 85th percentile during the  

previous week. 
 
P75  Contains the stocks of the companies with a sentiment score above the 75th percentile during the  

previous week.   
 
P65  Contains the stocks of the companies with a sentiment score above the 65th percentile during the  

previous week. 
 
M35-65  Contains the stocks of the companies with a sentiment score in between the 65th and the 35th  

percentiles during the previous week. 
 
M25-75  Contains the stocks of the companies with a sentiment score in between the 75th and the 25th  

percentiles during the previous week. 
 
M15-85  Contains the stocks of the companies with a sentiment score in between the 85th and the 15th  

percentiles during the previous week. 
 
N35  Contains the stocks of the companies with a sentiment score below the 35th percentile during the  

previous week. 
 
N25  Contains the stocks of the companies with a sentiment score below the 25th percentile during the  

previous week. 
 
N15  Contains the stocks of the companies with a sentiment score below the 15th percentiles during the  

previous week. 
 
RCO  Contains the stocks of the companies with a sentiment score above the cut-off value which would  

have resulted in the best portfolio performance during the previous week. 
 

D85-15  Constructed as the difference between the returns of portfolio P85 and N15. 
 
D75-25  Constructed as the difference between the returns of portfolio P75 and N25.  
 
D65-35  Constructed as the difference between the returns of portfolio P65 and N35. 
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Table 11 - Results from Three-Factor regression using French’s wide market return 
 

Portfolio  Alpha  P-value  R-Squared t-statistic  
 

P85   0,209%  0,234  47,14%  1,1948   
P75   0,269%  0,062  58,31%  1,8804  
P65   0,266%  0,044  63,29%  2,0358  
M35-65   0,091%  0,503  63,16%  0,6714  
M25-75   0,124%  0,313  67,85%  1,0117  
M15-85   0,116%  0,297  71,04%  1,0457  
N35   0,02%  0,865  67,92%  0,1702  
N25   -0,006%  0,965  62,05%  -0,0443  
N15   0,055%  0,695  58,14%  0,3927  
RCO   0,225%  0,153  56,83%  1,4350  

 
D85-15   0,153%  0,385  8,13%  0,8719 
D75-25   0,274%  0,035  9,95%  2,1224 
D65-35   0,246%  0,023  6,09%  2,2924 

 
 
Table 12 - Multiple regression of Three-Factor model using French’s wide market return.  

 
Portfolio  Intercept  RMkt - RF  SMB  HML   

 
P85  0,209%  0,955***  -0,102**  -0,779***  
  (0,234)  (0,000)  (0,019)  (0,000) 
P75  0,269%*  0,947***  0,055**  -0,684*** 
  (0,062)  (0,000)  (0,035)  (0,000) 
P65  0,266%  1,035***  0,012*  -0,534***  
  (0,44)  (0,000)  (0,056)  (0,000) 
M35-65  0,091%  1,162***  0,004*  -0,813***  
  (0,503)  (0,000)  (0,053)  (0,000) 
M25-75  0,124%  1,169***  -0,002*  -0,612***  
  (0,313)  (0,000)  (0,067)  (0,000) 
M15-85  0,116%  1,135***  0,004**  -0,597***  
  (0,297)  (0,000)  (0,042)  (0,000) 
N35  0,02%  1,212***  -0,090*  -0,446*** 

(0,865)  (0,000)  (0,052)  (0,000) 
N25  -0,006%  1,261***  -0,170*  -0,415***  
  (0,965)  (0,000)  (0,056)  (0,000) 
N15  0,055%  1,280***  -0,104  -0,281***  
  (0,695)  (0,000)  (0,236)  (0,000) 
RCO  0,225%  1,027***  -0,132***  -0,790***  
  (0,153)  (0,000)  (0,004)  (0,000) 

 
D85-15  0,153%  -0,325  0,002  -0,498* 
  (0,385)  (0,504)  (0,163)  (0,061) 
D75-25  0,274%**  -0,314  0,225  -0,268 
  (0,035)  (0,905)  (0,655)  (0,184) 
D65-35  0,246%**  -0,177  0,101  -0,088 
  (0,023)  (0,761)  (0,820)  (0,910) 

 
* Significant at 10% level. ** Significant at 5% level. *** Significant at 1% level. 
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Table 13 - Results from Three-Factor regression using Nasdaq 100 return 
 

Portfolio  Alpha  P-value  R-squared t-statistic  
 

P85   0,153%  0,313  61,38%  1,0133  
P75   0,212%  0,102  66,73%  1,6433  
P65   0,203%  0,082  71,58%  1,7500  
M35-65   0,012%  0,920  72,13%  0,1009  
M25-75   0,044%  0,677  76,47%  0,4173  
M15-85   0,042%  0,652  80,47%  0,4515  
N35   -0,050%  0,608  77,88%  -0,5136  
N25   -0,071%  0,517  72,64%  -0,6490  
N15   0,008%  0,950  61,80%  -0,0623  
RCO   0,145%  0,311  64,88%  1,0168  

 
D85-15   0,161%  0,359  10,64%  0,9204  
D75-25   0,283%  0,033  8,29%  2,1481  
D65-35   0,253%  0,022  4,71%  2,3160  

 
 
Table 14 - Multiple regression of Three-Factor model using Nasdaq 100 return.  

 
Portfolio  Intercept  RMkt - RF  SMB  HML  

 
P85  0,153%  0,799***  0,114  -0,357  

(0,313)  (0,000)  (0,462)  (0,255) 
P75  0,212%  0,800***  0,277*  -0,270  
  (0,102)  (0,000)  (0,082)  (0,119) 
P65  0,203%*  0,876***  0,260**  -0,080  
  (0,082)  (0,000)  (0,013)  (0,309) 
M35-65  0,012%  1,018***  0,289**  -0,298**  
  (0,920)  (0,000)  (0,025)  (0,019) 
M25-75  0,044%  1,025***  0,286***  -0,094* 
  (0,677)  (0,000)  (0,008)  (0,050) 
M15-85  0,042%  0,985***  0,284***  -0,097**  
  (0,652)  (0,000)  (0,001)  (0,016) 
N35  -0,050%  1,016***  0,227***  0,077 
  (0,608)  (0,000)  (0,003)  (0,227) 
N25  -0,071%  1,030***  0,164**  0,128  
  (0,517)  (0,000)  (0,013)  (0,811) 
N15  0,008%  1,038***  0,248***  0,261 
  (0,950)  (0,000)  (0,007)  (0,337) 
RCO  0,145%  0,891***  0,106  -0,323*** 
  (0,311)  (0,000)  (0,646)  (0,001) 

 
D85-15  0,161%  -0,238  -0,134  -0,618*  
  (0,359)  (0,359)  (0,145)  (0,085) 
D75-25  0,283%**  -0,230  0,113  -0,398  
  (0,033)  (0,712)  (0,706)  (0,184) 
D65-35  0,253%**  -0,139  0,033  -0,158  
  (0,022)  (0,964)  (0,953)  (0,995) 

 
* Significant at 10% level. ** Significant at 5% level. *** Significant at 1% level. 
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Table 15 - Results from Four-Factor regression using French’s wide market return 
 

Portfolio  Alpha  P-value  R-Squared t-statistic  
 

P85   0,205%  0,248  47,69%  1,1605   
P75   0,259%  0,075  58,51%  1,7905  
P65   0,265%  0,048  63,37%  1,9975  
M35-65   0,085%  0,537  63,66%  0,6183  
M25-75   0,119%  0,339  68,18%  0,9584  
M15-85   0,111%  0,328  71,25%  0,9820  
N35   0,013%  0,914  68,09%  0,1076  
N25   -0,006%     0,965  62,13%  -0,0441  
N15   0,055%  0,698  58,56%  0,3894  
RCO   0,217%  0,172  57,48%  1,3735 

 
D85-15   0,149%  0,403  8,59%  0,8382 
D75-25   0,265%  0,045  10,73%  2,0266 
D65-35   0,252%  0,022  6,80%  2,3198  

 
 
Table 16 - Multiple regression of Four-Factor model using French’s wide market return. 

 
Portfolio  Intercept  RMkt - RF  SMB  HML  MOM 

 
P85  0,205%  0,969***  -0,109**  -0,712***  0,082 

(0,248)  (0,000)  (0,021)  (0,000)  (0,673) 
P75  0,259%*  0,977***  0,062**  -0,594***  0,126 
  (0,075)  (0,000)  (0,040)  (0,000)  (0,808) 
P65  0,265%**  1,040***  0,009*  -0,513***  0,035 
  (0,048)  (0,000)  (0,053)  (0,000)  (0,887) 
M35-65  0,085%  1,184***  0,002**  -0,732***  0,125 
  (0,537)  (0,000)  (0,035)  (0,000)  (0,804) 
M25-75  0,119%  1,187***  -0,002**  -0,548***  0,100 
  (0,339)  (0,000)  (0,048)  (0,000)  (0,798) 
M15-85  0,111%  1,154***  0,010**  -0,547***  0,081 
  (0,328)  (0,000)  (0,038)  (0,000)  (0,767) 
N35  0,013%  1,234***  -0,079*  -0,392***  0,081 
  (0,914)  (0,000)  (0,062)  (0,000)  (0,987) 
N25  -0,006%  1,261***  -0,168*  -0,422***  -0,002 
  (0,965)  (0,000)  (0,064)  (0,000)  (0,771) 
N15  0,055%  1,281***  -0,114  -0,253***  0,050 
  (0,698)  (0,000)  (0,164)  (0,007)  (0,722) 
RCO  0,217%  1,051***  -0,135***  -0,704***  0,137 
  (0,172)  (0,000)  (0,002)  (0,000)  (0,666) 

 
D85-15  0,149%  -0,313  0,005  -0,460  0,032 
  (0,403)  (0,619)  (0,235)  (0,154)  (0,482) 
 
D75-25  0,265%**  -0,284  0,230  -0,172  0,128 
  (0,045)  (0,899)  (0,654)  (0,398)  (0,576) 
 
D65-35  0,252%**  -0,194  0,088  -0,120  -0,046 
  (0,0222)  (0,777)  (0,731)  (0,823)  (0,877) 

 * Significant at 10% level. ** Significant at 5% level. *** Significant at 1% level. 
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