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Abstract 

 
With the stock market seeing some of its most volatile days in history, it is more                

important than ever for investors to be able to reduce and mitigate risk for their               
investments (Froot, Scharfstein & Stein, 1993). There is the constant push for higher             
returns and more accurate predictions from investors as well as from higher up             
executives on analysts and portfolio managers in order to reach target earnings. Due to              
these increased pressures, investors may feel the need to take on more risk in their               
portfolios than they normally would in order to achieve their benchmarks. The need for              
better foresight is always a sought after attribute for those looking to invest in portfolios               
or individual companies.  

From previous research, it has been alluded that the social media platform,            
Twitter, can be used as a short term stock market indicator with relative accuracy (Rao               
& Srivastava, 2012). It has been recorded that the social media platform had an accuracy               
rate of nearly 90 percent from a 2011 study looking at the daily up and down changes                 
for the Dow Jones closing values (Mao & Zheng, 2011). While in the past, studies have                
been focused on the social media platform as a whole, our study looked at the link                
between the accounts of influential individuals and movements in the market. The results             
of this paper have come to the conclusions that personal Twitter accounts can have the               
ability to be used as a stock market indicator for the S&P 500 as well as a way to craft                    
better performing portfolios.  

From the results, there is a link between observed variables relying heavily on             
the concept of sentiment analysis and retweet count per trading day. With an accuracy              
rating of 91.2 percent in the predictions based on the Ordinary Least Squared (OLS)              
Model and the ARIMA time series analysis model, there are enormous opportunities for             
the financial industry to implement these findings in order to enable smarter and less              
risky investments. With future developments in enabling Twitter extraction, we believe           
that individual twitter accounts can be used in order to craft better performing portfolios              
in the market, mitigating risk and outperforming conventional methods.  
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Chapter 1:  Introduction 

 
Investing is inherently risky (Litner, 1975). As there is no way yet to be able to                

tell the future, investors will continue to take risks both making and losing money with               
each purchase or sale they execute (Weber, Weber & Nosic, 2013). While there are ways               
to minimize risk while investing, such as diversifying your portfolio by investing in a              
variety of sectors with low correlation and using hedging strategies to offset losses             
(Bodie & Marcus, 2004), even with complex financial risk management tools (Van            
Deventer, Imal & Mesler, 2013) there is no way to reduce risk to zero percent               
(Lakonishok, Shapiro, 1986). There will always be systematic risk that cannot be            
prevented (Alaghi, 2012) within the market and is impossible to reduce with the             
implementation of diversification (Jordan, Ross, Westerfield, 2004). Risky stocks tend to           
have higher volatility and therefore higher payouts as a reward for taking on the              
additional liability (Hunt, Moyer, Shevlin, 2007).  

 
Risk exposure can be critical to the downfall of a portfolio and even large              

financial institutions (Flannery, 2017). Companies taking on excessive risk and a lack of             
regulation regarding risk profiles were a few of the major reasons for the financial crisis               
in 2008 (Baker, 2008). Although it is difficult to determine risk reward profiles             
(Mainelli, 2004), it is imperative to implement strategies to manage and control risk             
while looking at investments (Bower, 1972) for both individuals as well as institutional             
investors (Cardona, 2013).  

 
If it were possible to be able to predict the movements of the stock market before                

they were to happen, risk would ultimately be reduced (Greenwald & Stiglitz, 1993).             
Individuals lacking experience or knowledge about the stock market would be more            
inclined to participate if risks were lower and payoffs were higher and more likely (Holt,               
Laury, 2002). Traditionally, methods such as surveys were used in order to collect and              
interpret information (Williams, 2007). Not only can surveys be extremely costly, but            
they can also have issues such as responder truthfulness, individual and social biases, as              
well as group think (Mao & Bollen, 2011) which will be discussed later in the paper.                
With new technology and widespread innovation around the world, it may now be             
possible to forecast future stock market movements with relative accuracy through the            
use of platforms such as social media (Nyugen & Shirai, 2015). This paper will be               
looking at the feasibility of using individual Twitter accounts to anticipate movements in             
the market. A study conducted in 2011, came to the conclusion that Twitter has up to                
“87.6 percent [accuracy] in predicting the daily up and down changes in the closing              
values of the DJIA” (Mao & Zheng, 2011). Building on the analysis and studies of Mao                
and Zheng’s foundational work could potentially change the way individuals and firms            
go about making investments in the stock market.  
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Twitter is a social media platform where users are able to convey thoughts and              

opinions in concise microblogs called tweets (Java, 2007). Founded in 2006 in the tech              
hub of the United States of America in San Francisco, California, it is currently              
estimated to have 134 million daily active users which are constantly providing the             
platform with new material (Lin, 2019). When Twitter was first established, tweets were             
limited to only 140 characters, but in 2017 the limit was changed so that users could                
post up to 280 characters, enabling users to state more complex and insightful thoughts              
on the platform. Although Twitter users pale in comparison to that of Facebook or              
Instagram, which both boast over 1 billion active users, it is still heavily influential in the                
social media realm and for the possible observation of financial market movements            
(Bakshy, Hofman, Mason & Watts, 2011) .  

 
Twitter is a social media platform dedicated to keeping people informed and            

reflecting changes almost immediately (Twitter.com, 2020). Users tweet what they feel           
or think at that time, not later on in the day. It is a platform of current opinions and ideas.                    
On many platforms, individuals may only post once a week or even less, but active               
Twitter users may post multiple tweets per day. During the impeachment trials in             
January 2020, president Donald Trump is recorded to have tweeted 142 times in one              
day, setting the record for the highest tweet count for a president (Cummings, 2020).  

 
In addition, other social media platforms are mostly used to showcase a person’s              

“best” version of themselves, such as instagram or Facebook, while Twitter has more of              
a reputation for being the more cynical or a “real” social media platform where users               
reflect the type of self they would present in a real social situation (Mueller, 2018).               
People tweet what they are experiencing or feeling at that moment and others are able to                
relate to them at the same time. Tweets from even a few days ago are regarded as                 
irrelevant in the Twitter world because so much new content has already been published.              
The short-term nature of the platform makes it a good indicator of short term stock               
movements (Mao,Wei,Wang & Liu, 2012). Thus, by observing the public’s opinion on            
certain topics, investors are able to determine general price movements from positive or             
negative tweets.  

 
Investing strategies using social media data will be most effective in the short             

term because of the previously mentioned life-span of the content, but market and             
investment strategies differ from country to country (Blomstrom, Kokko & Zejan, 2000).            
There are over 60 major stock exchanges that exist around the globe with over 69 trillion                
dollars traded yearly (World Bank, 2019). The majority of money traded can be             
separated into three major regions: North America, Europe and Asia, making up 93             
percent of global transactions (Martin, 2019). The largest stock exchange by far, is the              
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New York Stock Exchange, which has an estimated average trading size of 28.5 trillion              
USD (NYSE.com). In comparison, the second-largest stock exchange, also based out of            
the United States, the NASDAQ, trades on averages about 7.5 trillion dollars annually             
(Desjardins, 2016). The stock market is the driving force behind the world’s economy             
and it is instrumental in maintaining growth around the globe, especially for developed             
economies which rely heavily on services and innovation in technology rather than            
manufacturing or production (Kellerman, 1985).  

 
While the market is the driving force behind many of the major economies             

(Mussa, 2000) around the world, it also experiences many ups and downs throughout             
any given day. It has undergone some extreme movements throughout history, most            
recently at the time of writing with the largest Dow Jones Industrial Index (DJIA) point               
drop in history during the Coronavirus pandemic in March 2020 of nearly 3,000 points              
(Millhiser, 2020). This happened four days after the previous record downturn of 1,200             
points, also due to Coronavirus fears (Menton, 2020). With threats of a recession             
approaching in the approaching months and the on-going trade war between the United             
States of America and China (Hughes, 2005), the stock market has been experiencing             
unprecedented volatility over the past year (Chong & Li, 2019). Additionally, not even a              
year before, in August of 2019, the Dow Jones Industrial Average experienced its fourth              
largest all-time drop of just above 800 points, over a 3 percent decline, after bond prices                
reflected a strong indication of an approaching recession (Li, 2019). 

 
Because of the erratic and volatile nature of the stock market (Garber, 1996), it is               

necessary to use various types of instruments in order to ensure the best strategy is being                
utilized (Stenger, 2003). There are different financial instruments that can be used            
depending on the type of risk an investor (Bender, 2013) is willing to take on as the                 
market encompasses different types of transactions (Fabozzi, 2008). These transactions          
range from over the counter (OTC) transactions (Dodd, 2012), requiring a broker, such             
as the purchasing and selling of publicly traded stocks, to items such as financial              
securities including exchange traded funds (ETFs), derivatives, corporate bonds and          
commodities (Duffie, Gârleanu & Pedersen, 2005). Stock exchanges bring together          
buyers and sellers from all over the world (Petram, 2014). In the past, brokers were               
needed in order to carry out most transactions over the phone, but today nearly all               
trading is automated with little need for physical human interaction (Hendershott &            
Moulton, 2011). The market is generally believed to be fairly priced and transparent for              
both buyers and sellers making it efficient for both parties (Malkiel, 1989).  

 
The Efficient Market Theory, first mentioned by Eugene Fama in 1970, states            

that markets are impossible to predict and stock prices reflect all available information             
presented at a period of time for companies (Fama, 1970). This theory is governed by               
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random events and is believed to be extremely difficult to outperform the market             
consistently. There are three levels of the hypothesis ranging from weak to strong, where              
different amounts of public and private information are thought to be reflected in the              
prices. The theory operates under the hypothesis that investors act rationally when            
presented with new information. While there have been thousands of studies conducted            
after the initial paper titled Efficient Capital Markets: A Review of Theory and             
Empirical Work (1970) was published, with general support of the theory, over the past              
few decades, many economists and researchers supporting the notion of behavioral           
finance and value investing have come to find the theory highly unlikely (Brown, 2020).  

 
Behavioral finance is a new approach to conventional finance (Griffith, Najand           

& Shen, 2020) where the idea is that financial information cannot be reflected accurately              
in the market because some agents or investors do not act rationally (Barbaris & Thaler,               
2003). With heavy influences from psychology and biases from customers beliefs or            
fears, groups of investors acting on these feelings can have long-term effects on the              
markets without accurately demonstrating the true value of companies or stocks (Kashif,            
Shaik & Rehman, 2020). The Efficient Market Theory believes that prices in the market              
are correct and there is no room for arbitrage, or the “investment strategy that guarantees               
a positive payoff in some contingency with no possibility of a negative payoff, and with               
no net investment” (Dybvig & Ross, 2008). With this belief derived from those findings,              
there would be no way to make money from price discrepancy quotes between listed              
prices and true values of stocks (Williams & Dobelman, 2020).  

 
Additional research conducted on the link between psychology and investing          

have led to the notion that people have a tendency to overreact when faced with               
unexpected or startling news (Wei, 2016). “People tend to overweight recent information            
and underweight prior (or base rate) data” (De Bondt, 1985) leading to large movements              
between prices without a justified basis. Aligning with the concept of behavioral finance,             
dramatic behavior in response to current news will have more drastic effects on the              
outcome of short-term movements (Ahmad, 2020) in financial markets compared to           
actual company performance or anticipated returns (Gross, 2013).  

 
The paper entitled, Investor Psychology and Asset Pricing, written by David           

Hirshleifer in 2001, states that psychology based asset pricing theories are still in their              
infancy (Hirshleifer, 2001). While there is supporting evidence for both sides of the             
efficient market theory and the psychological approach, he also comments on the            
inability for either experienced or novice investors to be immune from mispriced assets.             
The general notion follows the idea that revenues flow from inexperienced traders to             
more skilled investors because of the gap of knowledge between the two. Within the              
finance industry, analysts and investors are believed to be able to predict stock             
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movements with more accuracy than an average person outside the field (Hirshleifer,            
2001). “When substantial mispricing is limited to a few factors and residuals, less             
rational investors do not necessarily lose on average to wiser ones. Investors who             
underestimate risk take larger, long positions in risky assets, and thereby achieve higher             
expected returns” (DeLong, 1991). In reality, the so called “experts” are not accurate in              
their predictions that much more often than inexperienced traders, but often they are able              
to manipulate the markets in the way they want because of the large amounts of money                
they are able to invest under the corporate umbrella (Benabou & Laroque, 1992).  

 
There are additional theories related to psychological investing and behavioral          

finance which also go against the idea of the Efficient Market theory. The idea of value                
investing, the investment strategy which is most famously backed by self-made           
billionaire, Warren Buffett, is used as a mechanism to benefit from price discrepancies             
for stocks due to “anomalies” (Chan & Lakonishok, 2004).  

 
The strategy relies on one of the most popular analysis tools, the fundamental             

analysis of companies, where “the use of current and past financial statements in             
conjunction with industry and economic data in order to determine a firm’s intrinsic             
value and identify mispriced securities” (Kothari, 2001). Technical analysis, which looks           
at past performance such as price movements and trading volume to indicate future             
performance, is not as useful for this strategy because technical analysis focuses on             
looking at price graphs and using trend reading to predict short term future performance              
(Lee, 2020). If the Efficient Market Theory were true, arbitrage events would not be              
possible to be achieved by investors (Brown, 2020) and long term strategic investments             
would be nearly impossible because assets would already be efficiently priced. Value            
investing is a longstanding strategy where investors purchase highly undervalued stocks           
and wait for the markets to reflect the accurate prices for stocks before selling (Piotroski,               
2000).  

 
Investing in the market could be thought to be easier than ever with new              

developments in trading technology such as free online financial technology (fintech)           
platforms including E-Trade or Robinhood, and access to information by the public            
(Baker, Nofsinger & Puttonen, 2020). Often because there is so much information            
available it is challenging to weed out accurate, unbiased reporting (Woo, Mai, McAleer             
& Wong, 2020). With only the pop-up of a push notification from a news station,               
investors can be easily swayed by topics chosen to be covered by the media. With never                
ending coverage of stories on political decisions, climate change, technological          
developments and scandals, the markets are heavily influenced and altered by media            
stories around the world (McGregor & Molyneux, 2020). Because media is selective in             
the stories they choose to print or air, it is difficult to determine the causal effect of the                  
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media on financial markets (Engelberg & Parsons, 2011). It is more probable that there              
is bias based on news stations relating to political affiliation and news anchors personal              
beliefs whether intended or not, such as the stock market reaction to Covid.19 public              
health interpreted as a political cause (Baker, Bloom, Davis, Kost, Sammon &            
Viratyosin, 2020). 
 

Over the past 15 years, social media has created a new landscape for financial              
markets, as what individuals choose to share or like is not controlled by the government               
in the majority of countries (Liu, Xia & Xiao, 2020). Social media is defined by               
Webster’s dictionary as a “form of electronic communication (such as websites for            
social networking and microblogging) through which users create online communities to           
share information, ideas, personal messages, and other content” (Dijkmans, Kerkhof &           
Beukeboom, 2020) Social media has continued to gain users since its inception and has              
evolved into a more mainstream form of communication (Wang, Yu & Wei, 2012). It is               
estimated that nearly 4.5 billion people have access to the internet worldwide, with             
approximately 3.6 billion social media users reported in 2019 (Clement, 2019). With so             
many active users around the globe expressing their opinions, social media is able to              
capture the “wisdom of the crowd” and has been linked to being a good indication of                
firm equity value based on web-blogs and customer ratings (Lou & Zhang, 2013). With              
this more relevant and up to date information coming from social media accounts, it may               
be useful for analysts looking at the profitability of companies to make more informed              
decisions on their selections (Audrino, Sigrist & Ballinari, 2020).  

 
With the high probability of the Efficient Markets Theory being incorrect           

(Fender, 2020), it may be possible to use alternative methods in order to predict financial               
outcomes in the market with unprecedented accuracy (Madura, 2020). This paper will            
focus on the effects of individual social media accounts, specifically Twitter, and the             
influence of their tweets on the stock market. The individuals observed have a large              
following on the app with a high number of likes and retweets everytime the app is used.                 
Individuals with status, such as politicians, celebrities and CEOs usually have a greater             
influence in comparison to the average person (Levin, 2020), which is why the research              
will also focus on their personal accounts as opposed to company Twitter accounts.             
Studies have been conducted over the past two decades observing the correlation            
between Twitter and the stock market in general, but there is a gap in the literature                
looking into the individual effects of personal accounts on the market.  

 
Currently, it is extremely difficult to predict short term stock market movements             

with accuracy besides having good luck and being very skilled at reading stock price              
trends and catching the exact right time to buy or sell (Zhou, Gao, Liu & Xiao, 2020).                 
Very few people have these skills and it requires years of practice and often losing a lot                 
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of money in mistakes in order to become an expert. With additional tools, those less               
experienced may be more willing to engage in the stock market and more capital will be                
injected into financial markets. With further study and development, there is the hope             
that Twitter could be used for more accurate stock analysis for better crafted portfolios.              
In the literature review it will be seen how Twitter can be used as a stock market                 
indicator because it is a platform used to express feelings through the assessment of              
sentiment analysis (Mittal & Goel, 2012), is applicable and reliable in the short term              
(Rao & Srivastava, 2012), and can influence large movements because of herd mentality             
as individuals are largely swayed by public figures and opinions (Dhang & Lin, 2016)              
and can be considered financial innovation (Mihet & NYU, 2020).  

 
The paper is organized in four sections. The first section will provide a better              

understanding of the current literature of the sentiment analysis and its effect on the              
stock market mechanism. The methodology used in this thesis is explanatory and will             
use the inductive method in order to test a new hypothesis, and thus the second section                
will be addressed using a quantitative methodology to check on the impact of twitter              
sentiments on the stock market prices. The third section will reveal the findings, and the               
fourth section will conclude and raise awareness of the need for further research             
concerning behavioral financial markets. 
 

 
Chapter 2:  Summary of Literature Review 

 
Social media platforms such as Facebook, Instagram, Sanpchat and Twitter have           

been linked to a variety of factors influencing individuals' lives including people’s state             
of mental health and can even lead to more drastic effects such as anxiety and depression                
(Woods, 2016). With such great effects on an individual’s mental health, it is             
questionable whether or not social media can have an impact on additional aspects of              
people’s lives such as financial well being (Chen, 2013). Recently, social media has             
been a hot topic for its influence over the potential outcome of elections and politics in                
general, having been most widely looked at for the Russian involvement in the United              
States 2016 presidential election (Allcott & Gentzkow, 2017). But, this poses the            
question of whether it is possible for social media to have an influence on the financial                
aspects of society including stock market movements or if social media’s influence is             
restricted to its influence on human behavior. The current literature encompasses how            
social media platforms specifically focusing on Twitter could be used as a short term              
stock market indicator. With a spotlight on Twitter as a whole, the literature indicates              
with strong conviction that Twitter can be used as a stock market indicator             
(Porshnev,Redkin & Shevchenko, 2013) but leaves gaps relating to the effects of            
individual accounts.  
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Studies conducted around the world over the last few decades have established a             

link between tweets on Twitter and stock market performance with a generally positive             
correlation (Mao & Zheng, 2011). This indicates that Twitter could potentially be used             
as a way to predict stock market movements and possibly even a way to craft better                
portfolios that may outperform the market as opposed to utilizing conventional methods            
of analysis. Although the general Market Efficiency Theory, stating that markets are            
impossible to predict and stock prices reflect all available information presented at a             
period of time (Fama, 1970), has been widely accepted by investors over the past 50               
years, social media influence and widespread availability of information and data may be             
a discreditation to this phenomenon. The current literature covers topics including           
sentimental analysis, the importance of applying social media trends during certain time            
periods (Rao, 2014) as well as the psychological aspect of group think influencing             
individual behavior based on group mentality (Janis, 1972). Isolated cases          
demonstrating individual influences through the use of Twitter in the financial markets            
in the past are included as well.  
 

In one study conducted by two PhD students in 2010, it was estimated that              
Twitter had the ability to predict the market with an accuracy of up to “87.6 percent in                 
forecasting the daily up and down changes in the closing values of the DJIA and a                
reduction of the Mean Average Percentage Error (MAPE) by more than 6 percent” (Mao              
& Zheng, 2010). With nearly 90 percent efficiency, users could potentially feel more             
confident in their investing decisions and the result of the outcomes.  
 

Along with the accuracy of predictions, using Twitter for investment decisions           
has also been linked to producing better results compared to solely using historical             
analysis (Smith, Fisher & Youngjian, 2012). In general, using historical analysis is not             
the most effective way to trade stocks, as past performance is not an indicator of future                
success (Ro, 2016). In another journal published in 2015, there was a study conducted              
where traders using social media for their investments averaged “2.07 percent better            
returns compared to solely using the historical model” (Nguyen & Shirai, 2015).            
Establishing better return for investors and a high probability of accuracy is an             
influential outcome to persuade investors to look more closely at Twitter trends and             
overall sentiments when making investment decisions (Zhang, Fuehres & Gloor, 2011).  

 
Companies have already started to create algorithms based on Twitter and           

sentiment analysis, for specific stock market prediction (Nan, Perumal & Zaiane, 2020).            
Chicago-based leader in the predictive and market intelligence sphere, Social Market           
Analytics Inc, founded in 2012 (socialmarketanalystics.com) has made it their mission to            
aid day traders and other short term investors with their sentiment reading algorithm.             
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With a greater adoption of this type of technology across the board, the author offers it                
as a way to ensure more steady returns, lower volatility in portfolios and a larger profit                
for both individuals and firms. There is always a need to mitigate risk when investing in                
the stock market (Kahn & Baum, 2020), especially dealing with pension or mutual funds              
where hard working people rely on financial investors to secure funds for their             
retirement. With better analysis and higher returns, there will be less risk taking by              
financial managers to provide unrealistically high returns and be more beneficial for the             
financial industry as a whole (Menkhoff, Schmidt, Brozynski 2006).  
 
Sentiment Analysis: 
 

Sentiment analysis is the main tool used by researchers in order to look at and               
observe short term stock movements (Shapiro, Sudhof & Wilson, 2020). Sentiment           
analysis “is the field of study that analyzes people's opinions, sentiments, evaluations,            
attitudes, and emotions from written language” (Liu, 2012). It is a useful method to              
determine public opinion as stock shifts in the short term are generally related to              
speculation (Alexander, 1961). It is extremely difficult for individual traders to           
accurately predict these movements in the market using conventional methods such as            
technical analysis because “most big institutions use computers to automate their           
trading, and retail traders cannot compete with algorithms daily because it is too             
difficult” (Deo, 2019). Therefore, utilizing sentiment analysis is one possible effective           
method of approaching investments that would result in less speculation as well as more              
reliable outcomes (Kouloumpis, Wilson, Moore, 2011).  

 
With the constant stream of new content from Twitter, it is especially beneficial             

for analysts to observe current events and news trends on the platform as news has a                
drastic influence on stock prices (Chen, Lazer, 2013). New developments in company            
performance such as over or under estimations of quarterly expectations or using public             
relations tools to manage executive actions such as scandals are almost immediately            
reflected in stock prices (Mitchell, Mulherin, 1994). While these discoveries have           
negative implications for stock quotes, they may not necessarily have long term negative             
implications for the future of the company.  

 
For example, when Steve Jobs died in 2011, Apple stock dropped by more than 5               

percent (Kollewe, 2011). This result does not reflect any real impact of the company              
valuation of Apple but rather reflects external factors and investors' opinions about the             
influence of Steve Jobs on the company. Today, Apple stock has continued to be a               
ground-breaking market leader with continued large gains since Job’s death and was the             
first company to achieve a market valuation of over one trillion dollars (Shell, 2018).              
Although Steve Jobs was instrumental in the development of Apple as a company, his              
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death did not mark the peak of innovation or financial returns as the company continues               
to reach new milestones. 

 
In addition to general sentiment analysis, researchers have looked into          

determining the distinctions between posts that are positive and negative and the various             
effects the tweets have on the outcome in the market (Oliveira, Cortez & Areal, 2017). It                
has been shown that positive and negative tweets do have different relationships between             
stock market movements. From the literature, it can be gathered that researchers believe             
there is a distinct difference between varying feelings such as hope and fear             
corresponding to positive and negative emotions (Lopes,1987). There appears to be less            
discrepancies between feelings that are often grouped together on the emotional           
spectrum such as happiness and hope. While tweets that have an optimistic outlook             
might have a somewhat beneficial impact on a company, negative tweets with harsher             
sentiments will have a much more drastic impact on stock market movements. (He, Gou,              
Shen & Akula, 2016). As the previous results demonstrate, people tend to be swayed              
more by negative news instead of positive news.  
 

With news having large effects on the mentality of investors, it can be daunting              
for risk averse investors when the markets and specific stocks start to act more volatile.               
Risk averse individuals are more worried about the possible loss of their investments and              
are more hesitant about injecting their money into stocks with high uncertainty            
(McDonald, Siegel, 1986). Because of this nervousness, they will often react quickly            
when news is released about the possible underperformance or downturn of a stock or              
dividend payments (Eades, Hess & Kim, 1985).  

 
Psychologists Baumeister, Bratslavsky, Finkenauer and Vohs state in their paper          

published in 2001 that “bad emotions, bad parents, and bad feedback have more impact              
than good ones, and bad information is processed more thoroughly than good”            
(Baumeister, 2001). Because our minds have stronger associations with negative          
outcomes, tweets reflecting negative sentiments such as fear or anger tend to have more              
drastic reactions in comparison to positive hopeful or happy tweets.  

 
From the previous literature, it can be gathered that Twitter is generally able to              

accurately reflect user sentiments at that time in history and this makes it an effective               
tool for gauging public opinion on various topics ranging from politics to company             
reputations (Makazhanov, Rafiei & Waqar, 2014). With such a high track record of             
accuracy in stock market prediction, it can be determined that sentiment analysis is one              
of the most powerful mechanisms used in order to look at short term stock market               
movements (Kooloumpis, Wilson, Moore, 2011). Through tracking positive and         
negative tweets from the general public through the use of hashtags, words used to group               
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associated topics together with the use of the # symbol, it could be a useful tool for                 
analysts in order to predict stock movements (Lim & Butine, 2014) even more so than               
solely using general analysis such as looking at financial statements or conventional            
news outlets.  

 
While sentiment analysis may be difficult to determine (Rojas-Barahona, 2016),          

it is one of the most effective when observing Tweets in order to look at overarching                
market feelings from the public. Users are generally very vocal while using their social              
media platforms and it is a way to observe true unprejudiced feelings about a specific               
topic or company from an outside perspective. Having access to a wide array of opinions               
both with and without financial knowledge allows for observations with less bias as             
opposed to looking at opinions from solely within the business industry from those             
trained in the field (Gonzalez-Bailon, Wang, Rivero, Borge-Holthoefer & Morean,          
2012).  
 
Short Term Analysis:  
 

There are two ways to invest in the market. An individual can choose to have a                
short term perspective or a long term perspective depending on their needs or             
requirements. Often for long term investing, individuals choose to look at companies            
with steady dividends, a good company reputation and they look for stocks which they              
think are undervalued (Bodie, Kane & Marcus, 2003). Individuals may also invest in             
bonds, where returns are significantly lower but risk is much less or even zero, for               
example when investing in stable countries government bonds such as the United States             
or Germany.  

Short term investing can be a bit more erratic, sometimes with what seems to be               
little to no rationale behind stock market movements. While there are more reasonable             
ways to look at long term investments, short term investing is more difficult and very               
easy to lose a large percentage of a portfolio very quickly (Froot, Scharfstein & Stein,               
1992). 

 
Investing in the stock market for the short term is highly affected by what is               

happening in the news and stock prices can be radically altered based on breaking news               
releases or by scandals. There is a “window of influence” which indicates a time interval               
that news will have an effect on a stock (Gidófalvi, 2001). Movements due to              
speculation have very little to do with how the company is actually doing or the               
profitability for the future but rather perceptions surrounding the company as well as             
political or social climates (Tumarkin & Whitelaw, 2001). Because news changes           
everyday, so do stock prices and there are price discrepancies between prices reflected in              
the market and actual fair value for stocks.  
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Day trading is an especially difficult aspect of the stock market as there are often               
many fluctuations up and down for stocks in the market (Poterba & Summers, 1984).              
Technical analysis, or the trading method “on the basis of largely visual inspection of              
past prices, without regard to any underlying economic or ‘fundamental’ analysis”           
(Taylor, 1992) is extremely challenging for investors because they must be able to pick              
up on visual cues and ever changing trends in the market nearly instantaneously.  

 
The publishing of quarterly reports, changes in management or any news related            

to the reputation of a company may have drastic effects on the stock prices in the market                 
(Mačaitytė & Virbašiūtė, 2018). The theory of Perfect Competition, which contains five            
criteria for market structure, states that buyers have access to all information such as              
price information and about the product from the past, present and future for a company               
and are able to make decisions based on this information (Stingler, 1957). With access to               
new information, buyers are able to determine appropriate prices for products sold in the              
market and make adjustments accordingly. With an accuracy rate of nearly 90 percent,             
using Twitter as a method to observe short term stock market movements could             
potentially make day trading more profitable for investment managers and individual           
stock traders around the world (Rao, 2014).  

 
Herding Mentality 

Asset prices fluctuate nearly every minute of everyday in an attempt to come to              
equilibrium, where the current value of the asset reflects the true value of the asset               
(Scarf, 1967). The standard asset model also known as the Capital Asset Pricing Model              
or CAPM (Black, Jensen, Scholes, 1972), assumes that markets are efficient           
(Reinganum, 1981) and that all market participants possess or have access to the same              
information (Brunnermeier, 2001). In reality, there is a wide divergence of information            
collected from market participants and how each individual interprets that information is            
subjective. There are almost always disagreements between analysts about the value of            
stocks, their projected growth or whether they are a buy, hold or sell for investors (Sadka                
& Scherbinam 2007). 

 
For example, innovative American electric car manufacturer, Tesla, has sent          

analysts into a frenzy in the past with its volatile movements, drastic jumps and              
uncertain future. Between the months of August 2019 and February 2020, the stock leapt              
from $215 on August 26 to $901 on February 21, 2020, nearly a 320 percent increase. At                 
its all-time high, analysts are still uncertain about its future performance because the             
company appeared weak on so many parameters of fundamental analysis, including a            
positive cash flow projection and previous earnings.  
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As of February 23, 2020, on CNNmoney.com, 12 out of 31 analysts recommend             
selling Tesla, 11 recommend to hold it, 2 believe it will underperform and the remaining               
6 list it as a buy. In contrast, GovCapital.com lists it as a buy with 1 year projections                  
reaching $1,187 and 5 year projections hitting $3,238. It is clear that with varying              
amounts of information available and differing interpretations of that information, asset           
prices and reflections of speculation in the market can cause stocks to fluctuate over a               
wide range of values.  

 
Many of these varying opinions about future prices can be attributed to            

asymmetric information, the methods for calculating equilibrium prices as well as the            
way traders use this information when making buying and selling decisions. New            
information is constantly being released and “traders who do not receive a piece of new               
information are still conscious of the fact that the actions of other traders are driven by                
their information set. Therefore, uninformed traders can infer part of the other traders’             
information from the current movement of an asset’s price” (Brunnermeier, 2001).           
Because of this lack of equal information exchange, it can be seen why some traders               
may latch onto the opinions of more prominent financial leaders or analysts and why              
phenomena such as herding and groupthink can occur often in the markets. 

 
Groupthink is defined as the “psychological drive for consensus at any cost that             

suppresses dissent and appraisal of alternatives in cohesive decision making groups”           
(Janis, 1972). It is a psychological concept that has been widely renowned for it              
observed in many monumental events throughout history including the bay of pigs and             
the escalation of the Vietnam War (Janis, 1971). It often leads to poor decision making               
and outcomes that are not well thought out, but in the case of stocks, it can depend from                  
which perspective you are looking.  

 
For example, if you are currently in the market to buy shares of Apple and a                

well-respected investors such as Warren Buffett makes a public statement that it is a              
good stock to buy and he expects the price to increase, then millions of investors may be                 
swayed by his statement even without doing any of their own research to back up his                
claims. “Agents with anticipatory preferences, linked through an interaction structure,          
choose how to interpret and recall public signals about future prospects. Wishful            
thinking (denial of bad news) is shown to be contagious when it is harmful to others, and                 
self-limiting when it is beneficial”( Bénabou, 2012). 

 
Because of the group action, the stock price will increase because there is a              

simulation of demand in the market (Goering, 1985). This would be great for investors              
that either own the stock or were planning to buy the stock at the same time as prices                  
would rise. For investors that previously believed Apple was going to go down (Miller,              
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1977) before Buffett’s claim, or were shorting the stock, then it would be a negative               
outcome for those investors. The phenomenon often occurs with social media. People            
are heavily influenced by the mentality of the masses even when it may not necessarily               
reflect their own ideas (Janis, 1972). In the case of Twitter, highly influential individuals              
including politicians, celebrities and CEOs will have an influence over the market just             
by submitting a single tweet about the economy, outlook on the future, or current trend               
they are obsessed with (Thomson, 2006).  

 
There are also some scholars who argue social media platforms do not have             

drastic influence over stock performance because while people may have more access to             
information about markets; it is not necessarily accurate. Individuals can be more            
influenced by public opinion without doing their own critical and fundamental analysis            
before investing (Tirunillai & Tellis, 2012). Many well-known famous investors often           
recommend not getting into stocks in which the investor does not understand. With this              
idea of blindly following professional’s recommendations, herd mentality, where         
inexperienced investors are willing to blindly follow the advice of experts without doing             
their own due-diligence on the investments, comes into play. This can be a dangerous              
investment method when approaching retirement age and using investments for pension           
funds (Bizzi & Labban, 2019).  

 
An extension of group think is mob mentality. Mob mentality can be looked at as               

one of the reasons the impact of financial crises in the past have been so drastic (Kjaer,                 
Teubner & Febbajo, 2011). For example, world renowned Korean researchers found           
“that herd behavior among all institutional investors increased significantly during the           
Korean economic crisis” (Kim Wei, 2002). Financial contagion is one reason why social             
media forecasting may only be good in the short term (Ranco, Aleksovski, Caldarelli, &              
Mozeti, 2011) as people can be easily swayed by public opinion causing them to              
overreact and act drastically.  

 
With fear and panic during the crisis, the issues in the banking industry increased              

exponentially as large collecting of people looked to sell tanking assets or were left with               
overvalued real-estate with plummeting prices. Before the financial crisis of 2008, banks            
had few limitations regarding capital ratios, or the amount of money banks are required              
to hold compared to their risk weighted assets and large leeway with risk taking              
approaches (Furlong & Keeley, 1989). Now with more stringent regulations for liquidity            
and risk purposes, international organizations and governments are hoping to address           
these fundamental issues and thwart fears from the rapid spread of information through             
the public in order to prevent future crises of that scale.  
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Group think and herd mentality are heavily linked to the psychological approach            
to investing and behavioral finance. There are objections to both approaches to            
investing, the psychological approach and the fully rational approach. Some criticisms of            
the psychological approach include that “rational traders should arbitrage away          
mispricings [in the market] and that confused investors will learn their ways to good              
investing” while criticism for the rational approach are the opposite, stating that            
“irrational traders should arbitrage away efficient pricing and accurate investors will           
learn their way to bad decisions” (Hirshleifer, 2001). While both approaches have            
reasonable objections to their premises, it can be observed that investors more often act              
irrationally than rationally and have a greater influence on market returns.  

 
Additionally, studies conducted by companies such as Deloitte looked at how           

customers can be influenced in their purchasing decisions by crowds. Peer reviews and             
public platforms are the new way to invest and having access to people’s opinions from               
around the world has proven to be heavily influential for investors. About “82 percent              
of US Internet consumers report being directly influenced by peer reviews in their             
purchasing decisions” (Chen, De, Hu & Hyoun Hwang, 2014).  

 
It is easy for individuals to be heavily motivated by the opinions and thoughts of               

others (Zimbardo & Leippe, 1991). As we can see from the previous literature             
mentioned, investors today are looking for expert opinions through the use of social             
media. This enters into another area of study to look at; behavioral finance. Buyer trends,               
sentiment, and behaviors are all to be considered when looking at the effects of social               
media on markets. It is a way to look at patterns.  
 

Many different forms of social interaction can be studied when looking into            
financial markets as nearly everything has an effect on them. From politics to natural              
disasters, many outside variables can influence investment outcomes (Kalampokis,         
Tambouris & Tarabanis, 2013). Other indicators can be predicted using social media as             
wel,l including box office revenues from new movie releases. From Twitter interactions            
and mentions, it has been possible for companies to anticipate how movies will do              
financially during their opening weekends (Asur, 2010). Twitter is a powerful tool that is              
able to be used in order to determine the relative success of new products and services                
with accuracy. From looking at this type of data and information, it is beneficial for               
Hollywood or other movie industries when launching or anticipating new films.  
 
Isolated Examples 
 

While there has been little research conducted on the topic of whether individual             
Twitter accounts can have an impact on the stock market, there are isolated cases where               
it is evident a comparison can be made. Many individuals value the opinions of              
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celebrities and idolize their thoughts on popular products, movies and food. The age of              
influencers is a huge money making opportunity for those who have the following             
(Kapitan & Silvera, 2016). Those who have more than 100 thousand followers on             
Instagram are able to earn up to 2 thousand pounds per picture (approximately 2,500              
USD), while those with between 2 million and 4 million followers can charge up to 13                
thousand pounds (16,185 USD) (Lazazzera, 2018). It is estimated that U.S. reality star             
Kylie Jenner, a member of the famous Kardashian family, earns around 1.2 million             
dollars per post on Instagram (BBC, 2019). With such a heavy following on social              
media, it is easy to influence and market to others and have a real monetary impact on                 
companies and earnings.  

 
Celebrities with millions of followers can also have a large impact on the stock              

market with their content. Kylie Jenner, who made her mark as becoming the world’s              
youngest self-made billionaire at age 21 in 2019 (Robehmed, 2019), now has her own              
line of cosmetics and clothing. In 2018, she tweeted about the relevance of snapchat              
after the launch of one of their updates asking, “sooo does anyone else not open               
Snapchat anymore? Or is it just me” (Levin, 2018) to her 24 million followers in mid                
February. Following the tweet, Snapchat stocks dropped by about 6 percent.  

 
In 2013, well-known billionaire investor Carl Icahn was credited with raising           

Apple’s valuation by 17.5 billion dollars with two tweets after writing about his large              
position in the company. His two tweets were used as a strategic long play in order to                 
help drive Apple to spend some of their vast amounts of cash at the time in order to                  
facilitate a stock repurchase (Metz, 2017). The first tweet stated, “We have a large              
position in Apple. We believe the stock to be extremely undervalued. Spoke to Tim              
Cook today. More to come.” (Icahn, 2013) while the second said, “Had a nice discussion               
with Tim Cook today. Discussed my opinion that a larger buyback should be done now.               
We plan to speak again shortly.” (Icahn, 2013). With these two tweets, Apple stock              
prices shot up over 5 percent to their highest value in 6 months to $489.57. 

 
It is no secret that United States President, Donald Trump, is a huge proponent of               

Twitter. Due to the accessibility and popularity of the platform, it is a simple and               
effective way to get across his message to his followers. His tweets are known for being                
so erratic that some companies have created a new index to track market movements.              
American based investment bank J.P. Morgan has even devised its own index named the              
“Volfefe” index, combining the words volatility and Donald Trump’s infamous          
misspelling of the word coverage in one of his tweets in 2017. The index looks               
specifically into tweets related to monetary policy and international trade, which could            
heavily affect their positions. In addition, Bank of America has reported to clients that              
markets tend to drop following days that Trump has tweeted more than usual (Stewart,              
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2019). While there are many examples of Trump’s tweets impacting the market, there             
are a select few that have really caused drastic changes.  

 
In 2016, Trump was able to wipe off 1 billion dollars from American             

multinational airplane, rocket and satellite manufacturer Boeing's valuation with his          
tweet in 2016 about the cost of the new Air Force one jet shortly after winning the US                  
presidential election. He wrote, “Boeing is building a brand new 747 Air Force One for               
future presidents, but costs are out of control, more than $4 billion. Cancel order”              
(Trump, 2016). With a drop in stock price of 1 percent following the tweet, from               
$152.16 to $149.75, Boeing felt a major impact from Twitter right away (Revesz, 2016).              
Since 2016, Boeing stock has increased steadily, hitting a peak of $440 in March of 2019                
demonstrating the short term effect of the tweet (Reddy, 2019).  

 
The following year in 2017, Trump negatively tweeted about Japan based car            

manufacturer Toyota's decision to open a manufacturing plant in Guanajuato, Mexico,           
and shift their automobile production out of the United States. With his tweet             
threatening, “Build plant in US or pay big border tax!” (Trump, 2017) stock prices fell               
half a percent within minutes of the tweet’s posting corresponding to a 1.2 billion dollar               
valuation loss for the car company (Revesz, 2017).  

 
Previous events also indicate that individuals not in the direct spotlight can also             

have an impact on stock movements. In 2017, local Kansas reporter, Tim Hrencher, who              
was covering the merger between Kansas based utility company, Westar Energy and            
Missouri based holding company, Great Plains Energy, tweeted about the likelihood of a             
fall through of the proposed merger between the two companies. With only three             
favorites and one retweet it seems that this tweet would have little effect on the market,                
but following the release of this new information stating, “The attorney tells the KCC ‘a               
merger makes sense -- just not this merger.’" He adds that this was proposed as a "take it                  
or leave it proposal” (Hrencher, 2017). Prices for Westar Energy fell by 4.5 percent with               
a grand total of 7.7 percent down the following day (Comcowich, 2017). The merger did               
end up going through in May of 2018 and in late 2019 the two companies officially                
rebranded themselves as Evergy (Evergy, 2018). This case can be considered a bit more              
extreme than conventional observations and it can be assumed that few tweets with little              
to no recognition could have this drastic of an effect on a company.  

 
From these isolated events, it can be seen that individuals such as celebrities and              

politicians and even local small town reporters with large and small followings are able              
to influence markets with their opinions. Twitter provides a real time platform to             
influence markets and for investors with a keen eye and quick reflexes, it may be               
possible to benefit off of these declarations. While hindsight is always 20/20, this             
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paper’s research will look at the sentiment analysis and predictive power for tweets             
posted between the years 2016 and 2018, and will also look into the possibilities to               
anticipate future upcoming trends in the market.  

 
Gap in the Literature: 
 

While there has been extensive research conducted on the relationship between           
social media and the stock market, most often looking at Twitter, there still remains a               
gap in the literature looking at the specific effects that individuals can have on the stock                
market. The overarching question for research related to social media and the financial             
markets is whether or not personal Twitter accounts can have a direct influence over the               
actual outcomes in the market?  
 

The results demonstrated throughout the relevant literature appear to be          
affirmative, although outcomes appear to vary based on the nature of tweets; if they are               
positive or negative. With large amounts of research being dedicated to the topic of              
social media and its effects on society, it is clear that there could be correlation between                
Twitter ‘mood’ and the movements in the stock market (Zhang, Fuehred & Gloor, 2011).              
This paper will continue to build off the previously conducted research in order to              
determine whether individual Twitter accounts can predict movements in the stock           
market with statistical significance, can reduce volatility in portfolios and achieve better            
returns.  
 

Another aspect of the research to be addressed is exactly how to study the effects               
of social media. It can be difficult to quantify items relating to user sentiment and               
feelings because artificial intelligence (AI) is not yet sophisticated enough to identify            
human prose such as sarcasm. There is the numerical method of looking at the number               
of mentions and likes for posts, but the majority of conclusions are made from looking at                
the content or sentiment related to the situation. Qualitative vs quantitative analysis is             
critical for determining the effect of social media on the markets. Conventional news             
also has a different effect than social media. With an increasing amount of people getting               
their news from social media platforms, areas such as newspapers or television news             
stations are not having the same reach to users as they had in the past (Wenjing Du &                  
Cao, 2013). 
 

Other limitations lie in the way we access information. News sometimes takes            
hours or days to be released by prominent news stations because of liability issues or               
ensuring their sources are credible and by that time the stock movements up or down               
have already occurred. There is no overarching authority looking at the credibility of             
individuals' social media accounts. This lack of credibility has caused some issues in the              
past, mostly for Facebook, with the topic of “fake news” where fictitious information             
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was being posed as legitimate and fact-checked information (Allcott & Gentzkow,           
2017). On Twitter, people are able to interact with each other in an informal and natural                
way. Looking at Twitter also allows for instantaneous insight into nationwide and even             
global opinions and gives a leg up on the competition when investing in the short term. 

 
The goal of this research will be to fill in some of the gaps in the literature as                  

well as to observe links between using Twitter as a method to ensure more steady               
returns, lower volatility in portfolios and a larger profit for both individuals and firms. 
 
 
Chapter 3:  Methodology 

 

The methodology used in this thesis is explanatory and will use the inductive             
method in order to test a new hypothesis. Due to the gap in the literature, it was                 
determined the need for a study focused on the effects of individual Twitter accounts to               
be used as a short term stock market indicator for portfolio analysis as former studies               
have focused primarily on observing the social media platform as a whole. To fill in this                
gap, our study will focus on the relationship between the sentiments of the selected              
individuals, the number of users tweeting per trading day for the predetermined period,             
as well as the number of retweets. These variables will be compared to the stock market                
behavior of the S&P 500 index between the years of 2016 and 2018.  

The methodology section of this research paper will be divided into two different             
sections. The first portion will cover the data and variable description. Topics are also              
inclusive of the reasoning behind the choice of variables to observe and the decision              
behind which individuals would be observed in the study as the data inputs.  

The second portion of the methodology section will focus on the data extraction             
and the way it has been completed using data analysis tools such as the programming               
language of R. The section will culminate with an explanation of the statistical models              
used to interpret the collected data and methods for cleaning and organizing the data.   

Data and Variable description  

The dependent and independent variables are as outlined below.  

The stock market behavior has been determined to be the dependent variable.            
The S&P 500 index was chosen as the market (Chen, Noronha & Singal, 2004) to be                
observed because it is the market that encompasses many of the largest companies in the               
United States of America. It has also been determined by the author to be more reflective                
of the overall market behaviors as it encompasses 500 of the largest companies by              
market capitalization. We expect similar movements in other markets including          
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subdivisions such as the NASDAQ index and the Dow Jones Industrial Average. The             
S&P market includes most of the companies led by the CEOs selected for our study.  

In order to study the behavior of the S&P market, the daily index adjusted close                
values between the years 2016 and 2018 were extracted and observed from Yahoo             
Finance. In total 753 trading days, days where the market was open and active, were               
selected for the purpose of the study. There are on average 252 investing trading days               
per year (Mayo, 2020). 

The independent variables are comprised of the sentiments of the investors,           
retweets and users. One aspect of the data collected include the text of the tweets.               
Twitter currently allows 280 characters for their users, but in the first portion of the               
study until November 2017, Twitter’s character limit was set at 140 characters. A higher              
character count enables users to give more complex thoughts and opinions. While this             
higher character limit may aid a bit with the classification of the tweets, it still does not                 
completely erase the issues with the sentiment analysis ambiguity while deciphering the            
selected tweets.  

It was necessary to determine a way to quantify the sentiment results of the              
tweets. We decided to utilize a binary system for classification in order to transform the               
data into an aggregatable form (Rajabi, Uzuner & Shehu, 2020). Every tweet was             
assigned a value of either p, o or n representing positive, neutral or negative sentiments               
respectively (Jiand, Yu, Zhou, Liu & Zhao, 2011). From the brief sentiment description,             
the sentiments were then converted into the numerical binary values of either +1, 0 or -1                
corresponding to the positive, neutral and negative sentiments.  

As mentioned in the literature review, sentiment analysis has been determined to            
be one of the most effective tools for Twitter/market analysis and was used as the               
foundation for the study (Prabowo & Thelwall, 2009). From there, overall daily            
sentiments of the users were determined finding the averages of the sentiments based on              
daily user numbers. We observed tweets from each trading day, found the sum of the               
binary values for each user per day and then used these individual results to aggregate an                
overall sentiment from the observed users. Completely positive tweets from all users            
would yield a result of 1.0 whereas entirely negative tweets yielded a -1.0 on the binary                
scale. Tweets tended to fall on the more positive spectrum for all users.  

We also acknowledge that the science of sentiment analysis is not perfect and the              
possibility of misclassification of the data based on sentiments is high. It is likely not all                
of the recorded sentiment data reflects the true feelings of the user at that time due to                 
ambiguity or lack of previous background information about current events (Bollen,           
Mao Zheng, 2011). It is also extremely difficult for current data science and machine              
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learning tools to pick up on semantics in language such as sarcasm (Gonzales-Ibanez,             
Muresan & Washolder, 2011).  

We also accept that this is an area of further study by increasing the complexity               
of the sentiment classification model to include more emotions and higher sophisticated            
technology. Some previous research had separated the sentiment into six classifications,           
including some emotions such as calmness and anxiety (Bollen, Mao Zheng, 2011).            
Additionally, emoticons displayed in tweets may not be accurately represented through           
sentiment analysis (Hu, Tang, Gao & Liu, 2013). Many users such as Ariana Grande,              
Katy Perry and Elon Musk often used emojis in their tweets making it more difficult to                
classify accurately.  

Another independent variable that was observed is the number of retweets           
received on each Tweet. Retweets represent the amount of exposure an individual tweet             
has, as with a higher circulation rate; a higher number of people would see the Tweet on                 
the platform expanding its influence on users on the platform (Pancer, Poole, 2016) and              
therefore would also achieve higher exposure to stock market participants that are also             
on the platform. Additionally, tweets sent out by famous or influential individuals often             
get recycled to other social media platforms or are used in conventional news stories,              
also increasing the exposure amount. The retweets are approximated using the number of             
recorded retweets for each individual tweet per user. Additionally, the number of            
retweets range between 0 and 1.6 million for the observed period over 3 years.  

The last independent variable we observed is the number of users. From the data              
we were able to determine the number of users who tweeted on each trading day. The                
number of users range from 4 to 16 on any given day during the observed period with an                  
overall average of 9 users tweeting per day. There were no recorded days where all users                
in the study tweeted.  

Favorites for the tweets were chosen to be excluded in the study because of the               
high probability of multicollinearity, or high correlation, between the number of likes or             
favorites on a tweet and the number of retweets received.  

Data Selection: 

With millions of active users on Twitter from all over the world, ranging from              
those with tens of millions of followers to users with little to no followers, also known as                 
bots, it can be difficult to determine which individuals would be able to have an               
influence over enough people to be able to be observed. For our research purposes, it               
was determined there are a few categories that individuals can fall into in order to have a                 
large enough following to influence market decisions: politicians, CEOs/ company          
founders or executives, and celebrities such as actors, musicians and sports stars (Fraser             
& Brown, 2002).  
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For this research paper, it has been decided that the individuals to be observed              
would include ten of the most famous CEOs from some of the largest companies around               
the world and the ten  most followed accounts on Twitter as of March 2020.  

While only 20 personal accounts have been chosen to be observed, we were able              
to extract over 45,000 tweets over the three year period through the use of machine               
learning. We also think that these accounts are able to encompass a large number of the                
Twitter universe. Out of the 330 million active monthly users on Twitter, the total              
combined follower account for only these 20 accounts exceeds 1 billion. Of course, it              
can be assumed that many of the selected accounts have duplicated followers but with an               
average follower count in the tens of millions, it is evident of the scope of influence                
these individuals are able to have with their posts.  

Businesses with large market capitalization have a significantly large impact on            
the market (Porter & Kramer, 2019). Therefore, it can be surmised that those in charge               
also have a great deal of influence and power over the companies with the ability to                
sway decision making processes. The list of chief executive officers included in the list              
are Amazon CEO Jeff Bezos, the richest man on the planet, Virgin founder Richard              
Branson and Tesla’s founder and CEO Elon Musk.  

Selected CEO Twitter Accounts:  

Name Followers (2020) 

1. Bill Gates (Bill & Melinda Gates 
Foundation) 

49.2 million 

2. Elon Musk (Tesla) 32.7 million 

3. Richard Branson (Virgin) 12.6 million 

4. Tim Cook (Apple) 11.7 million 

5. Sundar Pichai (Google) 2.6 million 

6. Satya Nadella (Microsoft) 2.0 million 

7. Warren Buffett (Berkshire 
Hathaway) 

1.6 million 

8. Jeff Bezos (Amazon) 1.3 million 

9. Mark Zuckerburg (Facebook) 465 thousand 

10. Brian Chesky (Airbnb) 313.1 thousand 

 

27 

 

https://twitter.com/richardbranson?ref_src=twsrc%5Egoogle%7Ctwcamp%5Eserp%7Ctwgr%5Eauthor
https://www.google.com/search?rlz=1C5CHFA_enUS861ES869&biw=1309&bih=714&sxsrf=ALeKk035UzTrtJ0TV3PUdNN3DrKEu7oGcg:1585006276374&q=Sundar+Pichai&stick=H4sIAAAAAAAAAONgVuLSz9U3sExPKTY3ecToyi3w8sc9YSmbSWtOXmM04-IKzsgvd80rySypFNLgYoOy5Lj4pJC0aTBI8XAh8XkWsfIGl-alJBYpBGQmZyRmAgDtJO5WZgAAAA


In addition to CEOs, the other category will also include ten individuals with the              
largest following on Twitter as of March 2020. Those included are Portugese football             
star Cristiano Ronaldo, with 82.8 million followers, Canadian pop singer Justin Beiber            
with 110 million followers, and former forty fourth president of the United States of              
America, Barack Obama, currently the number one most followed account on Twitter            
with 113.3 million followers  (Boyd, 2020). 

Top 10 Most Followers Twitter Accounts:  

Name Followers (2020) 

11. Barack Obama 113.3 million 

12. Justin Beiber 110.0 million 

13. Katy Perry 108.5 million 

14. Rihanna 98.5 million 

15. Taylor Swift 85.8 million 

16. Cristiano Ronaldo  82.8 million 

17. Lady Gaga 80.9 million 

18. Ellen DeGeneres 79.6 million 

19. Donald Trump 73.1 million 

20. Ariana Grande 71.4 million 

 

These celebrities, politicians and sport stars have been chosen for their           
widespread influence across the world. With fans and admirers all over, not only are              
they interested in what the celebrity is posting but users are also mentioning them              
through the attendance of concerts, sporting events or political gatherings. With over 70             
million average followers per account, it can be seen from our data that a portion of the                 
population is interested in hearing about the selected individual’s thoughts and opinions.            
Our research and findings will focus on what effect their influence can have in the stock                
market.  

Data Extraction 

Twitter is fed with a constant stream of new information from its users every              
second of every day. With an estimation of over 500 million tweets sent per day or 6,000                 
per second (Twitter Usage Statistics, 2020), the only way to evaluate information and             
data of this size is to utilize data science tools. Due to the sheer number of tweets being                  
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posted every day, it is impossible to observe them in an accurate and efficient way               
without the use of technology and software in combination with excel (Laitenberger &             
Dreyer, 1998). 

For this paper’s research it has been decided to use the Twitter Application             
Programming Interface (API) named tweepy, a publically available open source          
development tool used in conjunction with the high-level programming language,          
Python, in order to collect and interpret the data in order to make the conclusions.  

To begin, it was required to fill out a request for access to a Twitter developer                
account. As part of the request, it was also required to specify what the data will be used                  
for, the type of data that will be collected such as individual usernames, the content, or                
sentiment analysis as this developer tool can be used for a number of different aspects               
including app development. After creating a developer account, access was granted to            
the public and private keys necessary for the tweepy package installation. We were able              
to download and install the Twitter related API package through Python, which was             
created to gather and analyze sentiment analysis. Through this package, developers are            
able to collect the specified information for which they are searching with the input of a                
few commands in the code. All the data collected was between the periods of 2016 to                
2018 because of the number of influential political events during that time frame             
including the 2016 presidential election in the United States, the United Kingdom's            
decision to leave the European Union, also referred to as Brexit, and a number of radical                
political events sprinkled throughout the United States involving gun violence and           
racism.  

All of the data collected is from primary sources, having come from the tweets              
themselves posted from individual users during the specified time period. There was no             
use of outside data from sources other than Twitter to influence the results of the data.  

The data collected included the 19 out of the 20 individuals mentioned above             
(with the exception of Mark Zuckerburg, as no data was available), the date of their               
tweets, the number of likes, the number of retweets, any hashtags used, the wording of               
the tweet itself as well as the sentiment behind the tweet classified as either positive,               
negative or neutral. In total, approximately 45 thousand tweets were extracted and            
observed for the purpose of this study.  

Following the data extraction, it was necessary to reorganize and clean the data.             
With the S&P 500 Index adjusted close numbers between the years of 2016 and 2018               
(Yahoofinance.com), we determined the number of individuals from the selected 20 who            
had tweeted on that day. We also determined the overall sentiment for each trading day               
based on the sum of the binary scores per day. Following the individual sentiment              
collection and summarization, the result was divided by the number of users who             
tweeted that day, giving a sentiment score between negative and positive one. A score              

29 

 



of negative one meant that all users who tweeted that day had only negatively classified               
tweets and positive one represented the opposite.  

We excluded tweets that fell on weekends or holidays to observe the immediate             
impact of the tweets from the selected user on that day. With the short term nature of                 
Twitter as mentioned in the literature review, those tweets just a few days old would not                
necessarily have an effect on the observed index. Therefore, only tweets posted on these              
753 trading days were used as data inputs for our regression analysis. 

With the tweets from non-trading days being excluded from our study, 36,139            
observable tweets were left. In total, there were 4,635 negatively classified tweets,            
19,342 neutral tweets and 12,162 positively identified tweets making up 12.8 percent,            
53.5 percent and 33.65 percent, respectively. Neutral tweets were given a binary            
representation of 0 and were thought to have no influence on the independent variable.              
For final research purposes, 16,797 of the positively and negatively classified tweets            
were used in our statistical model over the three year time span.  

Statistical Models 

With the clean data, a statistical model needed to be applied in order to determine               
the trustworthiness of the results and test our proposal. For this paper, we chose to use                
two different statistical models, the ordinary least squares regression (OLS) model and            
the time series regression model, Auto-Regressive Integrated Moving Average         
(ARIMA) (Zhang, 2003). These models were determined to be the most appropriate for             
the data because they take into account all necessary factors that could have influenced              
the interpretation of the results (Atasalakis, Valavanua, 2009) including “seasonality,          
time and stationarity” (Cavalcante, Brasileiro, Souza, Nobrega & Oliviera, 2016). The           
models also enable users to work with exogenous variables, or variables outside of the              
model, to be adjusted when incorporated into it (Fair, 2013).  

Ordinary Least Square Regression Equation:  

 

Y = Dependent Variable 

β₀= Y Intercept  

β₁= Coefficient 

X₁ = Independent Variable 

Ɛ= Random Error Term 
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For the study, the Ordinary Least Square (OLS) model has been decided to be              
used in order to control for the time element and the use of fixed effects on a yearly                  
basis. By incorporating the fixed effects we are able to “remove omitted variable bias by               
tracking movements within groups across time, and are able to introduce dummy            
variables if needed for the missing or unknown characteristics (LaMotte, 1983). This            
model enables us to assume a linear relationship between the dependent variables of             
users, retweets and sentiments to the independent variable the S&P 500. In our paper, the               
data collection and design allow us to draw causal conclusions, thus the regression             
analysis for our data output is considered to be a causal analysis (Allison, 2014). 

The OLS model is widely used as a way to measure impact between two               
variables in a linear regression equation (Hayes & Cai, 2007). It is also a way to                
minimize errors caused by the sum of squared errors, where there is a difference between               
observed and predicted variables. The OLS model is necessary to be included into our              
study alongside the ARIMA model because we are showing the impact of the             
independent variables on the dependent variable as opposed to using our model to             
forecast future outcomes in the market.  

Assumptions associated with the use of the OLS model: 

1. The linear regression is linear in parameters  
2. The sample of observations is random 
3. The conditional mean should be zero 
4. There is no multicollinearity (Which was demonstrated through the use of the            

VIF test)  
5. There is homoscedasticity and no autocorrelation. (Addressed with the use of the            

Breusch Pagan test) 
6. Error terms should be normally distributed (Hayes & Cai, 2007) 

ARIMA Model Equation: 

 

The ARIMA model is a type of time series regression most often used for              
forecasting purposes. Time series regressions are types of statistical models that are used             
in order to take data from data/ trends over time and train the model to make predictions                 
about future movements (Hamilton, 1994). The regressions can be separated into three            
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different types based on the data structure; time series, where observations of a variable              
are taken over time, cross-sectional data (Ostrom, 1990), where different variables are            
taken at the same point in time and finally pooled data (Sayrs, 1989), which is a                
combination of the previous two. Pooled data will be used for this research looking at               
the impact of the market from different variables over a three year time span, between               
the years 2016 and 2018.  

Time series regression also relies on the foundation of stationarity, which           
demonstrates that the mean of the series remains constant over time (Nelson, 1990).             
Because the OLS model does not take into account stationarity as an input, the ARIMA               
model needed to be utilized in order to achieve proper regression outcomes.  

While most data is not stationary, methods of differencing may also be used in              
order to de-trend the variables and make them stationary such as moving averages             
(Sutcliffe, 1994). The data collected for this study was not stationary and varied from the               
mean often for each variable. Therefore, as a way to de-trend the variables, moving              
averages spanning 20 trading days, representing average monthly movements, were used           
as one of the main components of the regressions. 

As there are also trends for seasonality in the data set associated with holidays              
(Hu, 2013) and other major events occuring during the selected time period, it was also               
necessary to deseasonalize the data. In order to use the data in the appropriate statistical               
model, it was required to divide standardized variables (as explained below) by the             
previously calculated moving averages per observed trading day period. 

As the scale of the independent variables are too drastic to compare, with             
retweets being in the millions per day, it was necessary to standardize the variables.              
Without the standardization of variables, the results would be misleading and unreliable            
(Frost, 2013).  

Standardized Formula: 

 

We were able to standardize the chosen variables by taking the daily values,             
subtracting the average for the sample of 753 observations and then dividing the result              
by the standard deviation of the same sample. Following this recalculation, it was             
possible to analyze the regressions on the same y axis scale, making comparability easier              
between the variables.  
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The time series regression model was run in order to observe and justify each of               
the findings from the collected data in the study. It was necessary to run the model for                 
each of the variables: the number of users, retweets and the average sentiment per day               
against the S&P 500 in order to observe the statistical significance and correlation             
between each of the variables. 

With the trained model, predictions and forecasting can be utilized. Additionally,           
with extraneous variables with an outside force such as sentiments, the ARIMA model is              
relatively accurate in its predictions (Carta, Medda, Pili, Reforgiato & Saia, 2019).            
Although forecasting is outside of the scope of this study, our results from the use of the                 
ARIMA model should give relatively accurate forecasts in short term daily movements            
of the S&P 500.  

We also tested for potential biases and established the type of variance of the              
errors to identify any problems in our data, such as multicollinearity, and the types of               
standard errors that needed to be computed based on the variance of the errors and their                
potential autocorrelations. Multicollinearity is an error in data where independent          
variables are highly correlated and therefore can cause disturbances in regression results            
(Farrar & Glauber, 1967). As mentioned previously, likes or favorites had already been             
excluded from the study due to their high multicollinearity with the other independent             
variable, the number of retweets. 

To test multicollinearity, the variance inflation factor (VIF) test (Craney &           
Surles, 2002) was carried out. We tested the relationships between all combinations of             
each of the dependent variables mentioned previously. The results show that the variance             
of the estimated coefficient of volatility is inflated by a factor of 1.03 and thus is very                 
lowly correlated between any of the other variables. A VIF score under four is a               
significant value (Fox, 1997). As demonstrated below, the VIF of all of the other              
variables is low as well indicating extremely low correlation between each variable.  

  

 
 

VIF Test 

Variable Statistic VIF Result 

Users 1.044 

Sentiment 1.037 

Retweets 1.036 

S&P 500 1.057 
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To test for heteroscedasticity, the variance in the variables in the model (White,             
1980), in the linear regression model to check whether the variance of the errors from               
the regression is dependent on the values of the independent variables, the Breusch             
Pagan test was also used (Breusch & Pagan, 1979) . The results show a very low p-value                 
thus the null hypothesis of homoscedasticity is rejected and heteroskedasticity is           
assumed here. The results of the regression can be found in the following section.  

After running the statistical tests and determining significance for our data,           
conclusions were able to be drawn from our results. The next chapter will detail the               
findings for this study as well as recommendations for future analysis.  

 

Chapter 4:  Findings 

 

In this research paper, we investigated whether individual expression through the           
use of personal Twitter accounts are correlated to the movements of the S&P 500 index.               
The purpose of this research was to address the gap in the literature linking individual               
Twitter accounts and the stock market. In the past, studies had been focused on the               
predictive power of Twitter as a whole as opposed to particular, influential accounts.             
Additionally, we wanted to answer the question whether these selected Twitter accounts            
could be used as a short term stock market predictor for better portfolio analysis. The               
desired outcome for our research is to build on the previously conducted research linking              
Twitter and financial markets in order to ensure better investment strategies in the future.  

Based on the results of the auto-regressive time series model and our data output,              
we have identified that “public mood state can indeed be tracked from the content of               
large-scale Twitter feeds by means of rather simple text processing techniques” (Bollen,            
Mao Zheng, 2011) by classifying tweets as either positive, negative or neutral as well as               
through the observation of retweet counts. From our results, we have detected that there              
is a link to stock market movements through the use of individual twitter accounts with               
relative accuracy.  

The classification of the tweets are as detailed below. It can be seen that some               
users tweet much more often than others. For example, Richard Branson is extremely             
active on Twitter with over 9 thousand observed tweets over the three year period giving               
an average tweet count of 12.3 tweets per trading day. Comparatively, Jeff Bezos only              
had 127 observable tweets during the specified time period of our study with an average               
of 0.16 tweets per day. It is evident that the observed accounts may have biases in their                 
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representation in the study as well as the type of content they normally chose to express                
on their social media platforms (Liu & Zhang, 2012).  

As it can be seen, many of the users tend to post much more positive tweets. The                 
user with the highest number of negatively classified tweets is US president Donald             
Trump with just over 35 percent of his tweets for the observed period having a negative                
connotation. Looking at accounts with similar levels of daily activity for future studies             
could give a more accurate representation and reduce bias in the sentiment variable.  

User Positive Neutral Negative 

Bill Gates 365 393 53 

Richard Branson 3,153 5,528 605 

Elon Musk 469 1,942 386 

Ariana Grande 1,283 2,005 246 

Brian Chesky 202 472 56 

Rihanna 93 278 17 

Lady Gaga 424 484 139 

Justin Beiber 186 323 23 

Katy Perry 389 1,105 153 

Cristiano Ronaldo 349 315 18 

Satya Nadella 133 102 18 

Sundar Pichai 153 78 26 

Taylor Swift 17 31 2 

Jeff Bezos 65 58 4 

Ellen Degeneres 2,135 3,360 245 

Donald Trump 2,095 2,210 2,341 

Tim Cook 196 65 55 

Warren Buffett 157 183 32 

Barack Obama 298 410 216 

Total 12,126 19,342 4,635 
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As previously mentioned in the methodology, neutral tweets were awarded a           
binary score of zero and thought to not have a direct impact on the outcome of                
movements in the market. Therefore, only the positively and negatively classified tweets            
were used in the calculation for overall sentiment analysis in the regression model.  

We chose to use the time series ARIMA model, it was able to be observed that                
through the selected variables including sentiment analysis, number of retweets and           
number of users, the movement of the S&P 500 can be forecasted with relative              
efficiency. From our results as an interpretation of the data collected, we determined that              
individual Twitter accounts had up to a 91.2 percent accuracy rating in predicting short              
term stock market movements. Former studies had achieved a prediction rate of just over              
87 percent (Mao, Bollen, 2011). 

The results of the time series regressions can be observed below. All variables             
were statistically significant, with the p value falling way below the standard .05             
threshold, indicating significance at over 99 percent. Standardized results for each           
variable, as detailed in the methodology section, were used in lieu of the observed              
numerical observations in the regression models for comparison purposes. 

The coefficients for the sentiment and retweet variables for the regression were            
positive as expected, but the coefficient for the user variable yielded a negative result.              
This was unexpected and did not support our original hypothesis which assumed a             
higher user count would also indicate a higher adjusted close for the stock index. From               
our results, we can only assume that less users tweeting on any given day may lead to an                  
increase in the outcome of the S&P 500, while higher sentiments and retweet numbers              
would have the adverse effect leading to an increase in S&P 500 returns. These results               
leave an opportunity for future research to close this gap in the study and test additional                
hypotheses based on user count as the primary variable.  

From the outcomes of the regression, it was determined that for every additional             
retweet there would be a positive impact on the S&P 500 by .00083. Relating to               
sentiment for each additional positively recorded tweet, there would be a positive impact             
of .0000928 on the market. Our regression results indicate that retweets actually have a              
greater positive impact on the market in comparison to sentiment analysis, which also             
contradicts the claims made in previous studies. Retweets indicate that users agree or             
show strong support for a specific tweet. Retweets are replicated onto another user's             
page whereas favorites or likes are only visible to that specific user. In previously              
conducted studies, it has been concluded that political preferences can even be predicted             
through only the use of retweets (Wong, Tan, Sen & Chiang, 2013).  
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It was also reported that for each additional user in our study, there was a               
negative impact of .00054 on the market. In the literature there are studies focusing on               
the influence of users on Twitter but this was outside the scope of our particular study.  

 

 Regression Results 

Variable Coefficient (Standardized) 
(Standard Error) 

Users 
-.00054*** 
(.000116) 
 

Sentiment 
9.28 E -05***  
(3.93E-05) 
 

Retweets 
.00083***  
(.00028) 
 

  
Observations 753 
R2 0.913 
Adjusted R2 0.912 

F Statistic 7851.75*** 
(df = 3) 

Note:  ∗p<0,1; ∗∗p<0.05; ∗∗∗p< 0,01 
 
 

As it can be seen from the graphs below, the variables trend with the S&P 500 on                 
a daily basis. We had observed 753 trading days over the three year time span chosen for                 
the study, 2016-2018. All 45,000 observations were aggregated down as mentioned in            
the methodology section in order to match up with the S&P 500 trading day outputs.               
Tracking the daily movements of the independent variables against the dependent           
variable demonstrates a correlation in movements and predictive power. We decided to            
look at the relationships between the variables on a daily level as data collected              
represented a daily return.  
 

The selected graphs are a subset of the data focusing on the overall trends of the                
variables focusing on the last month from 2018. From the three graphs below, a clear               
relationship can be observed between the dependent variable, the S&P 500 along with             
the independent variables, retweets and sentiments. The standardized variables were          
used for observational purposes. As mentioned previously, users had a negative           
correlation between the other variables and can be depicted below of having an inverse              
relationship between the S&P 500.  
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With the aforementioned results, the second portion of our research question was            
whether analysis from individual Twitter accounts could lead to better short-term           
portfolio management. Portfolio management is defined as a group of financial           
investments tailored to the risk profile and long term objectives of an individual, firm or               
institution (Cooper, Edgett & Kleinschmidt, 2001). There is a constant demand for            
higher returns, diversification of risk and ability to maintain these strategies for long             
periods of time.  
  

Based on our previously mentioned outcomes, we looked to test the hypothesis of             
whether the results of sentiment analysis and retweets could be used to achieve higher              
returns than conventional fundamental analysis. From earlier research, there have been           
relationships established between sentiment analysis and higher portfolio management         
results. Because we were able to establish a statistically significant result between            
sentiment and stock market movements without research, we can assume similar results            
as the former literature.  

 
In the paper titled, “News impact on stock price return via sentiment analysis”,             

published in 2014, similar sentiment classifications of positive, negative and neutral           
were used for methodology purposes. The authors were able to establish a link between              
sentiment and stock price returns in the market. Their conclusions came to a correlation              
mean result of over 67 percent (Li, Xie Chen, Wang & Deng, 2014). While this is not                 
extremely high correlation, their results indicated a two-thirds chance of predicting stock            
movements.  

 
As mentioned in the introduction section of this paper, in another journal            

published in 2015, there was a study conducted where traders using social media for              
their investments averaged “2.07 percent better returns compared to solely using the            
historical model” (Nguyen & Shirai, 2015). A two percent better return is massive when              
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speaking about hedge funds and portfolio managers who are in charge of funds with              
hundreds of millions of dollars being invested.  

 
There are various other research studies that have also made links between            

portfolio performance using twitter sentiment results along with market sentiments for           
equity stocks in the past. Authors Anshul Mittal and Arpit Goel from Stanford             
University, in the paper titled, “Stock Prediction Using Twitter Sentiment Analysis”           
published in 2012, came to similar conclusions when utilizing Self Organizing Fuzzy            
Neural Networks (SOFNN) in addition to machine learning and sentiment analysis tools            
on the Dow Jones Industrial Average. Their findings concluded that they were able to              
predict stock market movements with just over 75 percent accuracy (Mittal, Goel, 2012).  

 
As outlined in their paper, our process follows a similar flow from data             

extraction to the use of model learning techniques and concluding with the observation             
of better portfolio management possibilities utilizing the results of the study.  

 

(Mittal, Goel, 2012) 
 

With future technological advances making it easier to extract data from Twitter,            
this collective information will be extremely beneficial to use for asset and portfolio             
managers while making important decisions about whether to buy or sell their stocks.             
Investors will be happier with higher returns as well as companies and governments             
being more content with the mitigation of risk. 
  

With accuracy rates over 65 percent from previous studies as well as 90 percent              
from this study, the results demonstrate a strong indication of how stocks will move in               
the near future. Although the results obtained for these studies do not give an indication               
of how Twitter sentiment analysis can influence stocks in the long term, this could be an                
additional area of study for future research in upcoming years.  
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Chapter 5:  Summary, Conclusions, and Recommendations 

 
Summary  

The use of social media has exploded over the past two decades throughout the              
world. With users from every country across the globe and representation from all social              
classes, social media gives an in-depth view of real time opinions and enables a larger               
platform base for users to display thoughts and opinions (Treem & Leonardi, 2013)             
outside of conventional news sources. Although there may still be biases in social media              
(Lin, Bagrow & Lazer, 2011), users specifically focusing on Twitter, are able to give              
their feelings and opinions about the current events happening in the media and their              
lives at that moment.  

It also can be seen the platforms' influence on societal behavior and its link to               
effects in capital markets. Through the use of sentiment analysis and retweet counts, a              
relationship can be established between observed variables and movements in the           
market. More retweets indicate a positive movement in the S&P 500 as well as              
positively conveyed sentiments on the platform. Retweets are often used in support of a              
message on Twitter and have a more supportive connotation (Wong, Tan, Sen & Chiang,              
2013). Higher number of retweets indicate a high level of agreement and backing from              
users, more so than other variables such as favorites would have. We have also come to                
the conclusion that users have the opposite result, where the greater number of users              
have a negative impact on the market when observing individual Twitter accounts.  

From the previously established link between Twitter mood and stock market           
movements, this research paper looks to open the conversation about quantifying the            
impact individuals can have on society and their influence on financial markets. While             
we cannot come to the conclusion individuals have a direct impact on the movements of               
the market, we can witness through our results a link between positive and negative              
movements in the S&P 500 index through the use of sentiment analysis and public              
response through the observations of retweets posted from individuals. 

In the past, researchers had used millions of Twitter accounts to observe the             
effects of the social media platform as a whole (Bollen, Mao Zeng, 2011). As mentioned               
in the literature review, using Twitter in its entirety follows the notion of the “wisdom of                
the crowd,” where the average of all observations is more close to the actual result in                
comparison to anything observed from a given individual (Suroweicki, 2004). While we            
did not operate our hypothesis under the same theory, from our observations, we came to               
nearly identical conclusions as previously conducted research with the data collected           
from just19 accounts.  

Therefore, it can be seen that influential people such as CEOs, politicians and             
celebrities can have a direct influence over others, which in turn has an influence over               
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those peoples’ feelings and investment behavior. Psychology plays a huge role in the             
investment world (Shefrin, 2002) whether it is realized or not. From the outcomes of this               
study, we can see that emotions and feelings expressed through the use of social media               
can lead to monetary gains and losses if one chooses to invest in the stock market.  

Finally, based on previous literature we are able to come to the conclusion that              
better portfolio analysis can come from the observation of targeted personal Twitter            
accounts. In the past, there have been higher returns and increased performance based on              
investment strategies relating to sentiment analysis. Operating under the same principle,           
it can be assumed that new investment strategies based on this paper’s results would              
have similar outcomes. With less work and observations, those utilizing sentiment           
analysis and retweet counts could earn higher returns.  

Conclusions and Managerial Implications  

With the demand for portfolio and hedge fund managers to have constant and             
higher returns, there is always a need for new ways to mitigate risk. As mentioned               
previously, high risk is often associated with high reward (Baskerville, 2001). If            
portfolio managers have not been achieving expected returns with their investments over            
a certain amount of time, they may take more on more aggressive positions and more               
risk. It may have a beneficial payoff, but also encompasses the chance of detrimental              
losses.  

Lack of excessive risk protocols has led to recessions in the past, most recently              
the 2007 Financial Crisis (Kirkpatrick, 2009). This has caused some managers to look             
“for opportunities in lower rated, less liquid, off-benchmark bonds, adding higher credit            
and liquidity risk (potentially higher currency risk)” (What Price Yield?, 2015). The            
European Securities and Market Authorities (ESMA) has begun to establish guidelines           
regulating the remuneration of fund managers of alternative funds, including hedge           
funds, private equity funds and real estate funds. The goal is aimed at cracking down on                
organizational structures which may encourage excessive risk taking (ESMA, 2013).  

While the world is moving towards more advanced regulatory policies regarding           
risk management such as those that have begun to happen in Europe and the United               
States, there have been increasing pressures to instill stricter policies across the board in              
the financial markets. After the financial crisis, there have been movements to crack             
down on excessive risk taking and limiting risky practices for asset managers and large              
financial firms that were previously deemed “too big to fail” (Stern & Feldman, 2004) 

From this research, as an extension of former research on the topic of the              
relationship between Twitter and the stock market, it can be concluded that individual             
Twitter accounts can be used as a short-term stock market predictor. Based on this              
information, there are many use cases for this type of forecasting and beneficial             
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managerial implications. With better and more accurate predicting power, it can serve as             
a way to reduce risk.  

There is no way to tell the future, but through the use of Twitter sentiment               
analysis and forecasting, it could be a way for fund managers to craft better portfolios               
with higher returns. With a higher confidence in stock movements, less risky positions             
would be needed to achieve similar results leading to more satisfied upper management             
as well as shareholders.  

This research primarily focused on the returns for the S&P 500 and it is not               
exhaustive. While it does not take into account individual security movements or returns,             
companies that tend to have a high correlation with the market, for example, Microsoft,              
with a five year beta around 1 (YahooFinance, 2020), the results of this study can be                
implemented into management techniques and approaches.  

Limitations and Further Research  

Limitations for this research are as outlined in the following paragraphs.  
 

By focusing research on a few select influential people, it is more manageable to              
collect and interpret data on an individual level as opposed to looking at every single               
account on the social media platform in its entirety. However, the used sample size is               
considered one limitation for this study.We would like to acknowledge the fact that the              
user count of 20 individuals selected is a limitation of the study and would look to                
include a larger sample size for future research.  

 
The second limitation for this study is the availability of data for all accounts As                

we were unable to collect data from all of the selected accounts, it reduced our study to                 
only 19 users as opposed to 20. Even with a selected sample size of 20, we would hope                  
to increase the number of observations for the future. There are opportunities for             
additional research using a larger number of observations to improve statistical accuracy            
and gain a wider inside into the scope of influence of individuals.  
 

A third limitation includes the sentiment analysis results. As mentioned          
previously in this paper, artificial intelligence is not yet capable of detecting social             
nuances or sarcasm for accurate readings. There are also biases associated with the             
sentiment analysis of the tweets. Using a system of classification limited to only             
positive, negative and neutral could also be expanded on to include more emotions as              
many tweets are ambiguous or contain contrasting feelings making it difficult to classify.             
With further developments in artificial intelligence technology, results can be more           
accurate and significant. The use of emoticons across the users could also have had an               
influence on the results as classification could have been incorrect or misleading.  
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 Finally, the statistical method for this research could be another potential           
limitation. As it was decided to use the auto-regressive integrated moving average            
regression model for the data, we acknowledge the fact that there are other possible              
statistical models that could also be used for further research. We chose to use the               
auto-regressive integrated time series model because it addressed the necessary factors           
and enabled easily comparable data structures for our study.  

For example, RF Engle’s Generalized AutoRegressive Conditional       
Heteroskedasticity (GARCH) statistical model, an extension of his AutoRegressive         
Conditional Heteroskedasticity (ARCH) model (Engle, 1982) could have been another          
viable statistical option for the interpretation of our results. “GARCH is used extensively             
within the financial industry as many asset prices are conditional heteroskedastic”           
‘(Auquan, 2017). Heteroskedasticy refers to the variance in the variables in the model             
(White, 1980) and the concept exists in finance due to the volatile nature of asset               
returns. With more extensive statistical background and abilities, enhancement of the           
model used could be an opportunity for future research.  

 
In conclusion, this paper has begun to answer the question of whether personal             

Twitter accounts can be used as a stock market indicator. Our results looked at the               
impact of the independent variables. With further improvements and methods to address            
the limitations in the study, we hope further research will be conducted to build off of                
our findings in order to create forecasts and aid investors in their decision making              
processes.  
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Appendices 

 
Data Example: 
 

 
 
 
Organization Example: 
 
Date S&P 500 Users Retweets Sentiment  Positive Neutral Negative 

1/4/2016 2012.660034 
9 477078 0.667  15 22 0 

1/5/2016 2016.709961 
10 146274 0.8  21 38 2 

1/6/2016 1990.26001 
9 356938 0.778  18 36 4 

1/7/2016 1943.089966 
9 347352 0.444  16 31 7 

1/8/2016 1922.030029 
8 348345 0.875  24 33 4 

1/11/2016 1923.670044 
12 309568 0.5  23 30 6 

1/12/2016 1938.680054 
10 315857 0.6  32 51 4 

1/13/2016 1890.280029 
9 240570 0.556  40 43 14 

1/14/2016 1921.839966 
10 228451 0.5  23 37 5 

1/15/2016 1880.329956 
8 269417 0.25  9 32 3 

1/19/2016 1881.329956 
10 113063 0.4  29 22 7 

1/20/2016 1859.329956 
7 191799 0.714  18 36 2 

1/21/2016 1868.98999 
9 262046 0.556  19 29 6 

1/22/2016 1906.900024 
9 217509 0.333  12 38 13 

1/25/2016 1877.079956 
10 413698 0.4  10 39 7 
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