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Abstract 

This master thesis investigates the correlative relationship between both sentiments and 

hype derived from the social media Twitter and the stock returns of Apple Inc. Rooted in 

behavioral finance elements, it argues that human irrationalities and biases affect decision-

making; including financial decisions. In the larger picture, this is important to investigate not 

only for arbitrage seekers, but also for enterprises, in the form of customer satisfaction online, 

and governments, in the form of potential targeted cyber-attacks through social media on 

financial markets.  

Methodologically, the paper utilizes natural language processing in the shape of a lexicon-

based approach and includes both negation and sarcasm detection. Applying a rule-based 

approach in order to error correct the abovementioned, the sentiment features are then scored 

and normalized during the timeframe the thesis examines. Based on both the daily sentiment 

scores and change in the number of daily tweets, a vector autoregression analysis carried out on 

the stock returns and the Twitter features to allow for endogeneity and interdependencies 

between the variables.  

Generally, the thesis finds indicative results that structural shocks to both the sentiment 

score as well as the change in the daily number of tweets affect the stock price the following day, 

after which the effect dies out. Furthermore, the thesis reports suggestive Granger causal 

relationships. The above is true for the sentiment score based on Twitter users who are verified 

(public figures). The results indicate support for a range of behavioral aspects, which shape our 

decision-making on a daily basis. Finally, the thesis proposes that further research is conducted 

on the area as natural language processing techniques become more effective and precise and 

suggest that further research is conducted on larger data sets spanning a greater timeframe, too.   
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Chapter 1: Introduction 

This master thesis is about your sentiment. It is about how you feel. It is about how your 

sentiment and feelings drive decisions. Not only your decisions, but also other people’s decisions. 

It is rooted in the modern society, in which sentiments are shared continuously on social media. 

In the last decade, social media has become a vehicle that helps the regular Joe to share opinions 

on topics varying from politics, sports, but also products and enterprises. Let’s take these 

considerations a step further: What if you can steer stock market returns ever so slightly? Then 

imagine what the aggregate of sentiments conveyed on social media can do. 

As mentioned, during the past decade, the pace of news streams has accelerated 

exponentially parallel with the rise of social media platforms such as Twitter, Snapchat, Facebook 

and more. Not only is this true for the regular Joe, but also important personalities have taken to 

social media to voice their opinions, including politics and business-related matters. The current 

American president, Donald Trump, and Tesla’s outspoken owner Elon Musk spring to mind, with 

the latter articulation his opinion on Twitter as to whether Tesla should go be taken off the stock 

exchange as a prime example (elonmusk, 2018). The former needs no introduction, as President 

Trump has shown no hesitation to tweet about important matters, all of which can influence 

commodity prices, cross-border trading opportunities, and more. 

The above line of thought made me wonder. Having studied finance for the better part of 

four years, I have been bombarded with concepts and systems regarding the processes of stock 

prices rooted in grounded theory. While I walk through these later, I briefly mention the gist of 

the underlying assumptions tied to these: Human rationality and cognitive superiority. These 

assumptions are questioned within the field of behavioral finance – a field born from traditional 

psychology and neurofinance.  

Boiling all the above down, I am left with a thought: By utilizing the fast-paced stream of 

news, feelings, and opinions of social media – in this case Twitter – I wonder whether sentiments 

and hype have an effect on stock returns. This paper investigates the change in the stock price of 

Apple Inc., the American multi-billion-dollar company, by taking into account the derived 

sentiments and feelings of a collection of tweets spanning four months, all concerning the 
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company in some way. In addition, it takes into account hype through the number of daily tweets 

that relates to Apple. It mainly examines correlation – given the relative novelty of the area – and 

studies effects of structural shocks. 

The structure of the remaining paper is as follows: Chapter 2 takes the reader through 

concepts and theories which lay down the motivation for the research question. Chapter 3 

describes the meta-methodological elements, on which the thesis is built. After the meta-

methodological considerations, Chapter 4 takes the reader through the process of deriving 

sentiments scores and related variables from the raw Twitter data; that is, the content analysis 

part of the thesis. Having done the above, in Chapter 5 I feed the findings from the content 

analysis into a statistical analysis with the stock returns of Apple. Chapter 6 discusses the findings 

in relation to the research question, after which Chapter 7 wraps it all up and presents the answer 

to the research question. 
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Chapter 2: Motivation, Concepts, & Research Question 

The current chapter serves as motivation, leading to the thesis at hand. First of all, I briefly 

outline the case company and explain why this specific company is suitable for the analysis 

conducted later in the paper. Secondly, I take the reader on a journey through the literature in 

the field of interest, i.e. social media sentiments as a predictive feature. The literature review 

serves as building blocks to the analysis and methodology. Thirdly, conceptual and theoretical 

frameworks are outlined. Above is essential to understand traditional mathematical and 

conceptual theories and the underlying assumption of these. Furthermore, by extension, we look 

into behavioral and cognitive elements that challenge the underlying assumptions of traditional 

views, which paves the way for the reasoning behind sentiments playing a role. Finally, the 

aforementioned subsections are boiled down to the research question.      

2.1 Case Company 

This section sheds light on the case company, around which current paper revolves. I briefly 

touched upon it in the introduction, thus it is no surprise that this thesis zooms in on Apple. Apple 

offers a wide range of products, spanning from services such as iCloud and Apple Music to 

personal mobile devices – for instance, iPhone and iPad – and a variety of personal computers as 

well as smaller product groups. While Apple’s position on the “most valuable company” list 

changes from one day to another, it is certainly in the top with a market cap of $813.41B as of 

February 4th, 2019 (macrotrends.net, 2019). Apple, with the stock ticker AAPL, has 4,745,398,000 

stocks outstanding and is traded on the NASDAQ stock exchange (NASDAQ, 2019). 

In terms of sales, which provides an overview as to the global influence Apple has, the 

number of products sold during the year of 2018 is colossal. Looking at their main product 

segments, i.e. iPhones, iPads and Macs, Apple sold 279.44M units in 2018. The iPhone is 

responsible for approximately 78%, while the iPad accounts for around 15% (Statista, 2019a). On 

top of these numbers, sales of wearables such as the Apple Watch and services are added, 

highlighting the firm grip Apple has on the personal technology market. The sales numbers put 

forth above leads to a market share on the global smartphone market of 18.2% in Q4, 2018  

(Statista, 2019b). On the tablet market, Apple’s market share is a staggering 26.6% in Q3, 2018 
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(Statista, 2019c). Due to the amount of market share the company holds, the potential number 

of tweets concerning product experiences and brand encounters is high. 

Having described the products and services briefly, these are the main reason why the 

company is chosen for this research paper. Many people around the globe have an opinion about 

technology, including Apple. Such people include influencers such as Marques Brownlee 

(Brownlee, 2019), tech blogs such as theverge.com and 9to5mac.com. However, it is not only 

bloggers and influencers, but also ordinary people who like to voice their opinion about flaws 

and good aspects regarding Apple’s products. This creates quite a heavy traffic on social media 

like Twitter – which is clear from Figure 5, page 32 (illustrating the number of daily tweets) – 

making up a good amount of data, on which to conduct analytical work. 

2.2 Literature Review 

In this subsection, we look at the motivation lying behind the becoming of this paper. We 

first take a closer look at Twitter and the features that make it a proper tool for sentiment 

analysis. Next, we zoom in on studies that have shown a correlation between investor behavior 

and stock market returns. Finally, the two subjects outlined above are combined. The 

combination of the two leads to a discussion of research already carried out on the topic of social 

media sentiments and financial assets – including stock market returns. The literature review also 

serves as groundwork for the analysis ahead. 

2.2.1 Communication on the Twitter platform 

Despite the area of social media sentiments being rather young, extensive research has 

been carried out. The specific topics vary greatly. Common for all of the topics is typically Twitter. 

But why exactly Twitter? Studies have shown that Twitter, contrary to other social media 

platforms, is well-suited for sentiment analysis. This is because the platform is used mainly as a 

tool for informative purposes, whether one is an information provider or an information seeker 

(Java, Song, Finin, & Tseng, 2007), as well as a platform on which a large number of people engage 

in discussions (Smith, Fischer, & Yongjian, 2012). Furthermore, Twitter spreads information 

quickly to a very large group of individuals. In fact, there are 69 million users in the US, whereas 

46% uses the platform daily. Furthermore, 80% of all the users access Twitter via their mobile 
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devices, which just speeds up the stream of information substantially more 

(omnicoreagency.com, 2019).  

Evident by the above, studies have shown that Twitter is a reliable tool in terms of 

conveying information and sentiments. However, as we will see in the following subsection (2.3 

Conceptual & Theoretical Framework), sentiments should have no role in traditional modeling of 

stock prices. Baker & Wurgler (2006), nonetheless, argue that investor sentiments do play a role. 

Albeit their application of sentiment is very different from Twitter sentiments, their paper 

indicates rich patterns between sentiments and stock market returns. A Korean paper supports 

Baker and Wurgler’s findings, as they claim investor behavior stimulates greater stock returns 

(Ryu, Kim, & Yang, 2017). Moreover, it has been shown that sunshine in the morning in New York 

City – which usually leads to a happier mood – induces higher stock returns during the day 

(Hirshleifer & Shumway, 2003). 

2.2.2 Social Media as a Predictive Feature 

Finally, I shed light on research conducted on the area of social media sentiments and 

financial measurements; including returns and sales. Firstly, it has been shown that iPhone sales 

can be predicted by a number of features, including the lagged number of tweets and sentiments 

(Lassen, Madsen, & Vatrapu, 2014). Albeit a correlation rather than causation, the paper 

indicates strong predictability through social media data. By stating it is likely to indicate 

correlation rather than causation, I argue that social media activity often balloons around product 

introductory events, whereas the actual launch of these products is usually one to three months 

after the abovementioned events. Therefore, naturally, the act of purchasing is a lagged event in 

relation to the social media peaks. However, including sentiments instead of relying only on the 

number of tweets strengthen the conclusion. 

 Secondly, we have seen research conducted on stock indices and its relationship with social 

media sentiments, too. Bollen, Mao & Zeng (2011) were on the front foot, being among the first 

to do extensive research in the field of sentiment analysis and draw lines to the stock market. 

The trio performed analysis on the broader stock market, in fact, the Dow Jones Industrial 

Average, and tested whether the collective decision-making in the society as a whole is affected 
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by the general mood state. The aforementioned decision-making includes, by extension, financial 

ones. Bollen et al. (2011) found that some mood states did belong to the predictive model, 

whereas others did not. Most notably, they found they could model the closing ups and downs 

of the Dow Jones Industrial Average with an accuracy of an impressive 87.6% with a low 

percentage mean average percentage error. Thus, on the basis of the above, they concluded that 

a strong correlation between the public mood state and the willingness to invest or divest exists. 

Bollen et al. do not apply their own sentiment mapping algorithm, but instead rely on Google’s 

n-gram data, OpinionFinder, and Google’s Profile of Mood States (GPOMS). 

Thirdly, built upon the Bollen et al. paper is another interesting experiment. Carried out by 

Mittal & Goel out of Stanford University (Stock Prediction Using Twitter Sentiment Analysis), they 

too investigated the stock market price changes as a function of the public mood state derived 

from Twitter. As with the Bollen et al. paper, Mittal & Goel relied partly on developed tools, 

including GPOMS. However, they extended their mapping list by including well-known synonyms 

of the base words, which all can be tied to a specific mood state. The base words are rooted in 

the Profile of Mood States questionnaire (POMS), a psychological test developed by McNair, 

Droppleman, & Lorr (1971). Consistent with the findings of Bollen et al., Mittal & Goel argue that 

moods tied to calm and happy have predictive features as to stock market prices. They even 

argue that the price change comes into effect three days after the mood state measurement 

occurred. 

A more recent paper examined the Twitter data as a stock market predictor based on a 

short-window event study (Nisar & Yeung, 2018). The duo specifically studied politics-related 

tweets collected during the 2016 local elections. They found that politically loaded tweets 

showed promise as to predicting the stock market (FTSE 100), yet the results lacked statistical 

significance. The rather poor statistical results may have been caused by the use of Umigon; a 

sentiment lexicon known for its below-par accuracy on negative sentiments (Levallois, 2013). 

All of the above acts as inspiration for the current paper and serves additionally as 

foundational elements for the analysis to be conducted later in this paper. Though, to provide an 

even deeper understanding of both the stock market in general as well as behavioral finance 
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aspects, in which the analysis is rooted, I uncover concepts and theories that explain the inner 

workings of the stock market according to traditional grounded theory. Furthermore, I 

summarize cognitive and psychological concepts, which contribute to breaking with the 

underlying assumptions to the classical theories. These elements are collected and presented in 

below subsection.  

2.3 Conceptual & Theoretical Framework 

This section looks into concepts and theories, on the basis of which this research paper has 

come to life, i.e. the theoretical starting point and justification for the paper. The concepts and 

theories I outline in the following are mainly rooted in grounded theory and has been the industry 

standard for many years. This is both interesting and essential for the analysis to come, as the 

research question (2.4 Research Question) implies that the concepts that grounded theory 

provided may not hold completely, thus the research is an attempt to break with the standards 

which have been set and uphold for decades. 

The concepts I go through in this section are a double-edged sword. One the one side, we 

have stock pricing theory and how such a process evolves according to grounded theory. On the 

other side, I touch upon behavioral financial aspects, that challenge some of the assumptions, 

that are the foundation of the stock price process. The elements tied to behavioral finance are 

meant to bridge the classical stock pricing theories and the research question put forth later in 

this paper. By bridging the two areas, I attempt to create a transition to why Twitter sentiments 

may carry impactful information with respect to stock price changes. 

2.3.1 Grounded Theory: Stock Pricing Process 

Stock pricing theory dates back decades and is still heavily taught today on financial 

education institutions. In fact, the modern stock pricing theory – perhaps the most famed – dates 

back to 1965 when Eugene Fama published the article “Random Walks in Stock Market Prices”. 

Fama (1965) states that a stock price at any point in time reflects the correct price. This rationale 

is rooted in what has later been coined the Efficient Market Hypothesis (EMH) (Fama, 1970). The 

Fama EMH describes the efficient market, which entails rational, intelligent, competitive 
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investors reacting to all available information at any given time. As such, the assumption is that 

no one can obtain information that is unknown to the wider spectrum of investors.  

While the hypothesis was later expanded to include three types of efficient markets – 

strong, semi-strong, and weak – the foundation of the theory remains the same. The difference 

between the three types is mainly the amount of information included in publicly traded assets. 

The prices in a weak efficient market include all publicly available information from the past. The 

semi-strong type includes the same information as the weak form, however, it claims that prices 

change instantly when new public information becomes available. Finally, the strong form 

includes insider-information on top of the abovementioned, thereby all information possible 

concerning an asset.  

All of the above boiled down comes to the following: The Random Walk Theory (Fama, 

1965). Basically, the Random Walk Theory implies complete unpredictability as to changes in 

stock market prices. Of course, since the 1960s there have been massive investments in 

researching asset prices, which has shed light on many additional concepts and theories. These 

theories add further layers to the Random Walk Theory. Specifically, I talk about the Capital Asset 

Pricing Model (CAPM) and the Arbitrage Pricing Theory (APT). Starting with the former, it builds 

upon the Efficient Frontier Theory pioneered by Harry Markowitz (1952). Markowitz proposed his 

theory which underlined diversification of risk in portfolios by investing in the so-called market 

portfolio. This gave life to how the risk associated with the asset is tied to the return. 

With above in mind, we turn our attention to the CAPM. As stated, the CAPM is rooted in 

Markowitz’s theory about efficient frontiers. William Sharpe (1964) is one of the backbones of 

the CAPM. The most important takeaway from this model is the distinction of risk, that is 

systematic and unsystematic risk, respectively. On formula, the CAPM looks like below (Sharpe, 

1964): 

Equation 1: CAPM 

𝐸[𝑟𝑖] = 𝑟𝑟𝑓 + 𝛽𝑖(𝐸[𝑟𝑚] − 𝑟𝑟𝑓). 
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While being simple math, the equation tells an important story. As underlined before, the 

model prices assets based on the risk that is systematic. Systematic risk cannot be diversified 

away, cf. Markowitz’s theory of portfolio diversification (1952). By following this rationale, assets 

average returns are predictable in a linear fashion as a function of its systematic risk. It can be 

shown graphically as seen below (Figure 1). 

Figure 1: The Capital Asset Pricing Model 

 

As shown, the return of a specific asset increases as the systematic risk tied to the asset 

increases. By design, the market portfolio has a beta of 1 and the risk-free asset has a beta of 0. 

The most essential aspect to learn from the CAPM is that – as with the Random Walk Theory – it 

is constrained under the assumptions put forth earlier, i.e. the EMH and the fact that investors 

act under complete knowledge as well as act rationally and unbiased. 

The final iteration of modern-day stock pricing theory in terms of concepts is the Arbitrage 

Pricing Theory. This theory takes a slightly different approach, as it states expected returns of an 

asset can be modeled by taking into account numerous micro- and macro-economic factors. 

These factors are represented as sensitivities in the form of individual betas. Dating back to 

Stephen Ross (1976), the general formula can be expressed as followed: 
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Equation 2: APT 

𝐸[𝑟𝑖] = 𝑟𝑟𝑓 + 𝛽𝑖1𝑅𝐹1 +⋯+ 𝛽𝑖𝑘𝑅𝐹𝑘, 

where 𝑅𝐹𝑘 refers to the risk premium associated with the specific factor. Similar to the CAPM, 

the APT only rewards systematic risk and it also assumes unsystematic risk can be diversified 

away. The most important point is: Should there be an arbitrage opportunity, it will be exploited 

right away, and the mispriced asset will correct itself immediately. Another important 

assumption is the fact that one needs a massive amount of data – and more vital – the right 

economic factors.  

As above may be considered a bit airy and conceptual, I dig a little deeper into the 

mathematical aspects, which attempts to prove that financial assets are highly unpredictable. 

We have talked about different concepts, all of which have an element of randomness – either 

through complete unpredictability (Random Walk Theory) or through estimating (or 

guesstimating) systematic risk components that vary over time (CAPM and APT). Following the 

rationale of an element of randomness, we wish for a mathematical framework which captures 

this. This is where the geometric Brownian motion plays an important role. 

The geometric Brownian motion puts the behavior of a financial asset – in this case, a stock 

– on formula. According to Hull (2015), the discrete-time process for a stock price is 

Equation 3: Geometric Brownian Motion 

∆𝑆 = 𝜇𝑆∆𝑡 + 𝜎𝑆𝜖√∆𝑡. 

The 𝑆 is the stock price, 𝑡 is time, 𝜇 is the expected return on the asset and 𝜎 is the standard 

deviation. Most importantly is the 𝜖, which represents a standard normal distribution, i.e. a 

distribution with a mean of 0 and a standard deviation of 1. Epsilon is the term that introduces 

randomness to the equation, and by doing a bit of math, the formula can be written as 

Equation 4: Geometric Brownian Motion Distribution 

∆𝑆

𝑆
~𝜙(𝜇∆𝑡, 𝜎2∆𝑡). 
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Above equation shows that relative change in the stock price is approximately normally 

distributed with a mean of the expected return times delta-𝑡 and standard deviation of the 

stock’s variance times delta-𝑡.  

Note the last term of Equation 3, which is the random multiplier. It illustrates that the 

uncertainty regarding the stock price increases with delta-𝑡, that is the further we look into the 

future, the more uncertainty as to the price there is. What is even more striking is the 

randomness of the geometric Brownian motion itself. Why is this interesting? As we start 

visualizing the process of the stock price according to Equation 3, it brings a clear light upon the 

difficulty of predicting a stock price. 

Before we visualize the randomness of the stock price process, it is important to know that 

the stochastic differential equation, that is Equation 3, can be solved analytically as 

Equation 5: Solution to the Stochastic Differential Equation of the Geometric Brownian 
Motion 

𝑆𝑡 = 𝑆0𝑒
(𝜇−

1
2
𝜎2)𝑡+𝜎𝑊𝑡 

through Itô’s Lemma (Itô, 1951). The 𝑊𝑡 denotes a Wiener process. A Wiener process is basically 

Equation 3 before the introduction of the properties of a stock; namely the asset’s expected 

return, the initial stock price, and the standard deviation of the specific stock. If we peel off these 

layers, we are left with the Wiener process, i.e. a stochastic process as seen below 

Equation 6: Wiener Process 

𝑊𝑡,∆𝑡 = 𝑊(𝑡−1)∆𝑡 + √∆𝑡𝜖𝑡 

where 𝜖𝑡~𝜙(0,1), it is independently and identically distributed, and 𝑊0 = 0. Simulation of five 

trajectories of Equation 5 with 𝑆0 = 100, 𝜇 = 0.06, and 𝜎 = 0.4 is found below, cf. Figure 2. 
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Figure 2: Geometric Brownian Motion Example 

 

The simulation illustrated on Figure 2 shows the different paths a stock with the same 

underlying properties may take on by applying a geometric Brownian motion, and this example 

acts as the theoretical cornerstone to the random walk rationale. Note the end of the paths, 

where the blue and yellow come together at the end, yet each of them has taken very different 

paths. Both the red and purple trajectories trend negatively almost throughout the whole sample 

period – and while it may seem predictable by the look of it, it is completely random. 

As such, we come to an end regarding the classical way of thinking about asset pricing, and 

in particular stock prices, which has shown that unpredictability plays a big role. A set of 

assumptions, under which these theories are restricted, has been outlined. These assumptions 

are questioned in the subsequent subsection, which has paved the way for the research carried 

out in this paper. 

2.3.2 Behavioral Finance 

Behavioral finance is an umbrella term for a collection of financial theories based on 

learnings from psychology. The common starting point for the majority of these theories is 

human irrationality and lack of cognitive capabilities. Recall one of the main assumptions of the 
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classical theories: Investors behave rationally and unbiased. As such, behavioral financial 

concepts question one of the main assumptions tied to the theories outlined in the previous 

subsection. These considerations are essential cornerstones as to why social media data can be 

valuable inputs in terms of explaining financial assets.  

Consider for a second the CAPM. Albeit the fundamental theory of a Nobel prize, the 

building blocks underlying the model include investors studying all possible securities on the 

globe in order to know expected returns and variances (Ackert & Deaves, 2015). Above condition 

is just one of many that must be true to make an informed decision. Ackert & Deaves (2015) 

argue such conditions, i.e. constrained optimization where we consider all relevant information, 

are too much to ask for humans: We are imperfect. As a solution to the abovementioned 

problem, humans tend to find cognitive shortcuts – a type of cognitive estimation. These 

shortcuts, and why they are key to the current paper, are the focal points in this subsection. 

Investors live in a world, in which uncertainty is present and decisions must be taken quicker 

than the already pacey markets. A very short amount of time may mean the difference between 

a loss and a gain. To understand decision-making better, we turn to heuristics and biases. A wide 

range of heuristics and biases have been studied in relation to economics and finance, however, 

the current paper focuses only on a fraction of them. In particular, I limit it to perception, 

authority bias, as well as availability and affect heuristics. These are all subcategories to social 

biases, memory errors, and behavioral biases. 

Availability heuristic is the first cognitive concept I sketch. The availability heuristic is a so-

called type 1 system heuristic (Kahneman, 2011), i.e. fast and quick, but prone to errors and 

biases. Kahneman, the Nobel prize recipient in the field of behavioral finance, argues that 

individuals have two cognitive systems: Type 1 and type 2, respectively. The former, as 

mentioned above, is the fast and quick system, which is prone to errors. The latter, type 2, is the 

more judicious system, which takes into account a wider range of inputs in order to make an 

informed decision. It is slower but more robust to errors and biases. Bringing the focus back to 

the availability heuristic, the concept embraces the cognitive flaw (or ability) of relying on the 

most instantaneous instance available to the individual when making decisions (Tversky & 
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Kahneman, 1973a). While Tversky & Kahneman mostly focused their studies on frequencies and 

probabilities unrelated to economics, the framework can be applied to the circumstances of this 

paper, too.  

Predominantly, availability heuristic can be applied in the form of an individual’s 

accessibility of certain news or sentiments in relation to the probability of a positive or negative 

change in stock prices. That is, does the most recent news or sentiments – important or not – 

affect investors’ trading strategies, and does the availability of the specific piece of news lead the 

investors to overestimate/underestimate the positive/negative sentiment? Note, above term 

may be interchanged with recency bias, which indeed also relates to the fact that the most recent 

occurrences are recalled more easily (Tversky & Kahneman, 1973b), and thus have a greater 

effect on decision-making. Furthermore, related to the availability heuristic, I shortly touch upon 

salience bias. Salience bias explains the phenomenon of people’s ability to recall more extreme 

events, which enhances availability. This means that very good or very bad news are recalled 

more effortlessly than merely good or bad news, respectively (Taylor, 1982). By taking into 

consideration the above, it begins to appear how the constant Twitter news stream may be an 

effective influencer in terms of an individual investor’s decision-making. 

Though, the availability heuristic is not the only concept to consider. Another important 

theory is dubbed authority bias. Being under the umbrella of social cognitive biases, authority 

bias, as the term suggests, relates to studies which have shown that people are inclined to believe 

in the truthfulness of a statement coming from a so-called expert in a specific field (Milgram, 

1963). Milgram showed that a high proportion of people – all from different social layers, 

educational levels, etc. – conformed to instructions given by an authority figure. Even more 

interestingly, the aforementioned observation was true even when the instruction went against 

their conscience. Above becomes interesting in regard to the current paper, as tweets – and by 

extension sentiments – can be filtered on whether or not the user is a verified member of the 

social network. While we go into further detail about this later, it basically means the member is 

of public interest. Such a person may be perceived as a modern-day authority figure. They might 

not be experts in the specific field of interest as such, nevertheless, they do have a public voice, 

which usually conveys greater trust – or controversy.  
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Shifting focus to affect heuristic, I zoom in on people’s emotions. Emotions are particularly 

vital when people make mental shortcuts with respect to quick decision-making. Emotions are of 

the utmost importance to this paper, as it is built around sentiments. The affect heuristic is rooted 

in neurofinance, and it is making significant strides forward these years. Despite being at its 

tender birth – emotions have been difficult to map thus far – interesting results have arisen 

recently. On a neural level, people experience stimuli. These stimuli are interpreted positively or 

negatively by the affective reaction of the individual, who cognitively allocate an affection to the 

specific stimulus based on the state of the individual’s body. Through this process, sentiment 

towards a certain situation arises, on the basis of which decisions are made (Ackert & Deaves, 

2015).  

Studies have been carried out on the subject of the affect heuristic and the influence on 

financial and trading decisions. MacGregor, Slovic, and Berry (2000) argue that inclination to 

invest in an enterprise, in their case initial public offerings, is based on the imagery and affections 

towards the industry group, with which the firm is associated. This means a financial security is 

judged partly upon emotions rather than their underlying technical fundamentals. Of course, this 

is in line with the fact that the human brain cannot comprehend the massive amount of 

information needed in order to comply with the traditional theories, which are used to price 

assets and securities. Not only has the industry membership proven to be a factor, but there have 

been indications that public image plays a role, too, proving that an individual’s utility function is 

more complex than financial outcome only (Ackert & Church, 2006). Ackert and Church argue 

that a positive image correlates with a person’s willingness to invest in a security, and vice versa.  

Perception is the final term I outline. Perception is the cognitive activity of processing 

information. However, this process often misreads information (Ackert & Deaves, 2015). This 

cognitive flaw is generally referred to as “we see what we desire to see”. Perception may explain 

why the findings in the iPhone sales paper highlighted in the literature review indicated that 

sentiments only accounted for a fraction of the explained variance in the model, whereas the 

total number of tweets had a greater impact (Lassen, Madsen, & Vatrapu, 2014). That is, we see 

iPhones mentioned again and again – positively or negatively – and the brain just recognizes the 
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brand rather than the sentiment. Above bring to mind an association with another commonly 

known term: Bad press is better than no press. 

These behavioral and cognitive theories break with the idea of complete rationality, and 

thus breaks with one of the main assumptions of the efficient market hypothesis which is an 

underlying model to most of the traditional asset pricing theories. It shows that cognitive 

processes such as mental shortcuts in the shape of heuristics mold our everyday decisions, 

including financial ones. Therefore, it would be no surprise if emotions, biases, and heuristics play 

a part in shaping the movements in the market.  

2.4 Research Question 

In this chapter, it is established that the process of an asset is highly unpredictable, though 

that a few researchers claim to fame is based on predictability based on macroeconomic factors. 

The establishment of these theories, however, are mainly built upon assumptions which the 

human decision-making mechanisms cannot live up to. It is established that financial decision-

making is colored by heuristics and biases which includes sentiments and affections. Moreover, 

we have seen indicative research that illustrates such effects can be measured through analysis 

of Twitter (more specifically tweets), and the lagged derived sentiments may affect today’s stock 

market as a whole. Based on the above, I suggest examining a single enterprise, hence I propose 

the following research question: 

Can daily lagged sentiments, which are derived through tweets based on Apple Inc., help 

explain Apple Inc.’s daily stock return? What are the possible mechanisms driving it?  
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Chapter 3: Methodology 

This chapter serves as a guideline to the methodological factors on which the thesis is 

based, including both meta methodological considerations as well as data- and processing 

elements. To begin with, the chapter describes meta-methodology. This subsection sets the tone 

for the research design, which is the next aspect of the chapter. After above, we turn our 

attention to the specific data sets included in the paper. These subsections incorporate both data 

extraction, data preprocessing, and miscellaneous data wrangling.  

3.1 Conceptualization, Meta Methodology, & Research Design 

Methodological and research design considerations are vital in any social science field when 

constructing knowledge. It is the vehicle that takes us from our wonder and original research 

question to a conclusion; that is, it serves as documentation (Andersen, 2013). Methodology is a 

multidimensional term, thus current subsection sheds light on the most essential aspects with 

respect to this research paper. I look at conceptualization of the important terms to the analysis. 

According to Andersen (2013), conceptualization is a twofold process: Theoretical definition and 

operationalization, respectively. As to the former, one needs to define the terms included in the 

research. As to the latter, operationalization is the process of translating the aforementioned 

theoretical defined terms into measurable quantities. Subsequently, a short discussion regarding 

social scientific considerations is put forth. These include the scientific problem at hand and the 

scientific worldview. The two abovementioned elements are key, as they help to steer the 

subsequent methodological choices in the right direction; a navigation tool for the vehicle, that 

is. Finally, I describe the actual research design and the reasoning approach as well as the 

implications of the specific choice. The research design needs to support the methodological 

challenges that arise from the meta-methodological aspects. 

3.1.1 Conceptualization: Theoretical Definition & Operationalization  

As mention in the subsection introduction, it is important to define the terms around which 

the research paper is built. This includes both the theoretical definition as well as the 

operationalization of the term. One should note that concepts are highly multidimensional and 

are often interpreted and translated differently by individuals. This validates the presence of the 
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current section (Andersen, 2013). Only the most essentials concepts are gone through in order 

to provide the reader with sufficient information to be aligned.  

Below, one can find a short list of the concepts touched upon in the analysis. These concepts 

are rooted in both the literature in the field as well as the conceptual and theoretical framework 

presented earlier: 

• Company performance 

• Investor behavior and sentiments 

• Social media hype 

Both the theoretical and operational definition are found in Table 1. 

Table 1: Conceptualization 

Concept Definition  

Company 

performance 

Theoretical: Company performance is a multidimensional term and 

can be defined both qualitatively and quantitatively. This 

paper sees company performance as a reflection of its 

market cap exclusively. As explained in Chapter II, the 

market cap should include available information 

regarding the company, cf. the EMH. 

Operationalization: Turning company performance into a measurable 

quantity is simple. The market cap, as defined above, is 

the number of outstanding stocks times the current 

value of the stock. Thus, by acquiring stock market 

returns during the period of interest, I can infer Apple’s 

performance fluctuations. Of course, the actual data set 

is elaborated on later. 

Investor 

behavior and 

sentiment 

Theoretical: Investor behavior and sentiments are, contrary to 

company performance, a more complex concept, as it is 

related to cognitive processes. By nature, cognitive 
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processes and sentiments are more difficult to 

comprehend. In this research paper, investor behavior 

and sentiments relate to feelings, biases, and heuristics 

that break with traditional financial assumptions – most 

prominently rationality and inhuman cognitive abilities. 

This leads to a a narrower definition: Sentiments that 

trigger mental shortcuts, i.e. biases and heuristics. 

Operationalization: How can one infer sentiments quantitively?  In this 

paper, I utilize the power of social media; however, we 

limit ourselves to Twitter. Through a process known as 

Natural Language Processing – a leg of the text analytical 

stool – one can infer feelings and sentiments from a 

collection of character-limited social media posts 

(tweets). The sentiment measurements are aggregated 

over a certain period of time, which provide us with a 

time series of feelings/different sentiments regarding 

Apple. 

Social media 

hype 

Theoretical: Somewhat tied to investor behavior, as it speaks to the 

availability heuristic and perception discussed earlier. 

However, in order to avoid confusion in terms of keeping 

the model variables separated, it is individually defined. 

Hype is defined as social media attention – positively or 

negatively. 

Operationalization: Translating social media hype into a variable is realized 

through the number of tweets during the period of 

interest. Basically, just a count of the tweets scraped for 

the text analysis, after which one takes the delta (i.e. the 

change in number of tweets). 
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Above rounds up the conceptualization. These definitions lay the foundation for the following 

work. Both data description and data processing – which takes us from theoretical definition to 

the operational definition (a variable) – are outlined in subsequent chapters. Though, before I 

proceed to discuss above, we turn our attention to the scientific meta-methodology, in which 

this paper is rooted. 

3.1.2 Scientific Problem of the Paper 

Regarding meta-methodology, I explain the scientific problem as well as the purpose of the 

study, respectively. According to Pedersen (2003), there are four types of scientific problems: 

Anomaly, paradox, planning problem, and normality. The paper at hand leans towards both the 

anomaly and paradox problem. The former is defined as a deviation from the norm, whereas the 

latter is a type of anomaly, too. However, contrary to the anomaly, the paradox purpose is to 

challenge existing views on the subject. While it does challenge traditional views on stock market 

returns, many concepts have been developed since, which looks at investor behavioral aspects, 

that breaks with traditional views, cf. the conceptual framework. On the basis of the above, the 

main scientific problem of this research paper has most in common with an anomaly. 

This leads us to the scientific purpose of the study. As with scientific problem types, study 

purposes come in different colors: Explorative, describing, explaining, and prospective (Olsen, 

2003). Firstly, explorative studies look to develop ideas and determine whether further research 

is appropriate. Secondly, describing studies focus on processes and relations, respectively. 

Thirdly, explaining studies research cause and effect and theory testing. Finally, prospective 

studies are tied to falsification and verification of hypotheses. Prospective studies shed light on 

theoretical application to practical problems. As we see later, the current research paper has 

roots in the last to study purposes. On the one hand, the research question paves the way for an 

explanatory purpose in the sense that I look whether twitter sentiments and hype have a 

(Granger) causal effect on Apple’s stock market return. On the other hand, it has aspects tied to 

the prospective study purpose, too. This purpose surfaces in the shape of hypothesis testing, and 

the verification of falsification of these. However, it leans mostly towards the (Granger) cause-

effect study purpose. 
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3.1.3 Scientific Worldview 

Another aspect to consider is the scientific worldviews, often referred to as paradigms. A 

specific researcher should take a stance, as this choice controls different elements of the research 

process. Stated differently, the paradigmatic stance sets the tone for the research paper, as it 

describes a certain set of rules and beliefs that guide actions – in this case with respect to the 

actions that steer the methodological design vehicle (Guba, 1990). Guba sketches different 

paradigmatic frameworks, in which research can be conducted. I follow the example of most 

social science research and look in the direction of post-positivism. By taking a paradigmatic 

stance, one is able to answer the following meta-methodological questions (Guba, 1990): 

1. Ontology: The ontological question has roots in philosophy and asks what the nature of 

reality is.  

2. Epistemology: The epistemological question takes it a step further and defines the 

relationship between the researcher and reality. 

3. Methodology: The last question – the methodological one – relates to the path which the 

researcher should take in order to uncover the reality. 

As mentioned, the scientific paradigm – which has been developed over time and thus has 

established respectable standards within research – has answers to questions one through three. 

By following the school of thought tied to the post-positivistic paradigm, the researcher should, 

according to Guba (1990), be mindful of below answers to the paradigmatic questions put forth 

earlier: 

1. Ontology: Post-positivists’ starting point is that there exists a reality. Despite this fact, it 

is believed that human capabilities, intellect, and sensory are inadequate to fully 

comprehend this reality, thus we take a probabilistic view on reality. On the basis of the 

above, good practice requires a healthy critical sense towards one’s work. There are 

several ways to accede to this issue. One way is to critically assess ones methodological 

and data choices. Such an assessment is given in section 6.2 Data Quality & 

Methodological Solidity.  
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2. Epistemology: In terms of epistemology, the post-positivistic worldview leans towards 

complete objectivity, albeit it does acknowledge that such a level of objectivity is 

impossible. Thus, to accommodate the requirement of objectivity, post-positivism adopts 

modified objectivity, which entails neutrality – or the striving hereof – in the research 

process.  

3. Methodology: In regard to the methodology question, Guba (1990) states that the 

application of a moderate experimental approach in a natural setting is appropriate. This 

means that the methodology must be analyzed in terms of influence from the 

researcher’s axiology. As with both the ontological and epistemological aspects, I strive 

to collect my thoughts on this in subsection 6.2 Data Quality & Methodological Solidity. 

Generally, I try to detect and overcome natural biases through methodical data extraction 

and near-random sampling. It is lightly touched upon in the outline of the research design, 

too, as it lays the foundation for good methodological practice. 

While the above outlines the respected practices, the post-positivistic stance brings to the 

table a few methodological issues, which Guba (1990) describes as imbalances. These imbalances 

are between rigor and relevance, precision and richness, elegance and applicability, as well as 

discovery and verification. It is the role of both the research design and reasoning approach, 

respectively, to try and overcome these imbalances. Thus, these two aspects are the focal points 

of the next couple of pages. 

3.1.4 Research Design Considerations & Reasoning Approach 

The choice of research design is heavily affected by the aspects discussed in preceding 

subsections on meta-methodology. However, the availability of data, the capability of processing 

a certain amount of data, and the timeframe in which the research paper is conducted play an 

important role, too. In general, the research design should ensure the robustness of the analysis, 

and leave as few open questions, in terms of methodology, as possible. To accede to 

abovementioned, I go through the research design and comment on how the strength of these 

study types and techniques cover for each other’s shortcomings. However, it also sheds light on 

any pitfalls. 
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The research design is an umbrella term that entails both data extraction techniques, 

analysis methods, and interpretation of data (Andersen, 2013). That is, it is the bridge that 

connects the research question with the answer to the said research question. I have previously 

stated this study examines only Apple Inc., which points in the direction of a single case study. A 

case study, however, is the main study category and acts the hub for a greater web of methods 

and techniques. Before I touch upon these techniques, I defend the choice of a single case study 

approach. 

Though, before defending the specific choice, I shortly describe my understanding of a case 

study, as definitions of case studies are manifold. Nonetheless, researchers of the case study are 

aligned in some regards, which includes that (1) the unit of interest is complex, (2) the unit is 

investigated with a mixed method approach, and, finally, (3) is contemporary (Johansson, 2003). 

While there is less agreement in terms of focus on methods and inquiry, I follow in the footsteps 

of both Stake (1995), who defines a case study as an interest in a specific subject or organization, 

and Yin (2009), who believes there needs to be stress on the methodologic vehicle and not just 

the interest in a certain subject. With above in mind, I move on to the reasoning behind the case 

study. 

First of all, I choose to focus only on a single enterprise due to the amount of data – 

especially Twitter data. Limiting the paper to Apple makes the data computationally manageable 

to query, and the models less expensive. As we see later, the number of daily tweets exceeds 

9,000. Not only are there a large number of rows, but the data set is also wide as well, comprising 

of no less than 88 features. I shed further light on this in the data subsection, though it does play 

an important role in terms of study design. 

Secondly, the amount of public interest needs to be present in order to secure precision in 

terms of sentiments. We go into more detail on this subject in subsequent sections, but it is an 

important aspect to be aware of. Sentiment analysis of social media data with regard to 

predictive analytics is still a relatively novel area, thus testing on cases that have a sound 

foundation with respect to data is key. Furthermore, Yin (2009) defends single case studies, 
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stating that it is appropriate when the case is either critical, unique, or phenomenon revealing. 

The case at hand partly ticks both the first and second box. 

Thirdly, Yin (2009) argues that single case studies can be used to generalize one’s findings. 

In order to validate one’s generalization, however, the researcher must be clear in explaining the 

case study and the associated techniques and methods – it also includes being critical to one’s 

work, cf. earlier discussion regarding post-positivism. Therefore, I see no harm in choosing a 

single case study approach in that regard, ensuring a computational manageable amount of data. 

In order to complete the case study, a range of techniques must be taken into use. Generally 

speaking, the analysis comprises of two main parts: A content analysis and a time series analysis. 

The latter is dependent on the former. The content analysis is a qualitative approach that has 

been automated through a natural language algorithm which derives the sentiments tied to the 

individual tweets. By processing textual data in this manner, qualitative data is transformed into 

quantitative data that can be fed into the time series analysis (operationalization). The time series 

analysis is a quantitative approach that looks at the correlation between stock returns and the 

aforementioned content analysis. While there is a lot of theory and methods tied to both of these 

methods, these are not presented here. Instead, we go through this in context when performing 

the analytical aspects of the paper. Nevertheless, data structure and extraction techniques are 

highlighted in the following subsection (see 3.3 Data: Extraction, Sampling, & Variables). 

On the basis of the above discussion, I lightly highlight the reasoning approach. Research 

reasoning mainly comes in two shapes: Deductive reasoning and inductive reasoning, 

respectively. There is also a third reasoning approach, the abductive approach, though this is not 

outlined in this paper. The two reasoning approaches of interest are different: As highlighted in 

Figure 3, deductive reasoning go from the general to the specific. That means one starts with 

theory and concepts on the basis of which hypotheses are formed. These are tested on a specific 

case after which the hypotheses are either verified or falsified. Conversely, the inductive 

approach starts with observations through which patterns are found. Based on these patterns, 

in simple terms, new theory can be produced (Andersen, 2013). 
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Figure 3: Own representation of reasoning based on Andersen (2013) 

 

According to Johansson (2003), the reasoning approach is very much connected to the 

generalization of the case study. As the research question put forth earlier is based on concurrent 

aspects – former research as well as a conceptual and theoretical framework, respectively – the 

case study mainly generalizes through deductive reasoning. That is, I formulate a research 

question based on theory after which experiment-like analytical processes are deducted. This 

reasoning approach is tied to the mostly quantitative nature of the paper, too. Finally, recall Yin’s 

statement: The case must be pivotal. This statement is essential when approaching the problem 

in a deductive manner (Johansson, 2003), which underlines the choice of Apple as correct. 

3.2 Analytical & Storage Software Tools 

With the rise of Big Data, researchers and analysist have steered towards new ways to 

handle data. I already briefly touched upon the magnitude of the data. While sentiment analysis 

could be done by hand in theory, it is immensely ineffective and prone to subjectivity and biases. 

Thus, to be able to manage the data and automate the machine learning and statistical process, 

a computational and statistical engine must be used. The current paper utilizes the open source 

computational language of R (r-project.org). As R is an open source program, it utilizes its users 

who develop further statistical and computational packages. I mention R packages as current 

paper takes advantage of a collection of these. These packages are introduced on the go as they 

are applied and are denoted as r_package, which makes it easier to identify. Functions used 

are denoted similarly, however with parentheses as a suffix, like so: r_function() 

3.3 Data: Extraction, Sampling, & Variables 

In the following, the two data sets that lay the foundation for the analysis are presented. It 

includes where they origin – i.e. the sources – as well as the data extraction method. On top of 
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that, it highlights the data structures and the data types. Finally, I explain the specific 

characteristics of each data set and underline the roles which they play in the greater perspective.  

3.3.1 The Stock Data 

First, we take a closer look at the stock data. Stock prices are – being the nature of publicly 

traded companies – available online through various sources. Moreover, such type of data is 

available retrospectively and comes in different time frequencies. In this paper, I look at daily 

frequencies from November 4th, 2018 to March 9th, 2019 corresponding to 84 trading days. The 

specific timeframe relates to the data availability of Twitter data, which is presented next. Of 

course, this is a relatively short amount of time when working with time series analysis, however, 

I deem it a sufficient amount of data points in order to provide the reader with relatively strong 

indicative results. This issue regarding data points is discussed more in depth later on. 

The stock data is obtained from Yahoo Finance by utilizing the tidyquant package and 

the tq_get() function (Dancho, 2018). tq_get() talks directly with the Yahoo Finance API 

endpoints and provides a nicely structured table with below columns (see Table 2). All one needs 

to provide the function as input is the stock ticker (AAPL for Apple) and the timeframe. 

Table 2: Stock price data set introduction 

 

For the purpose of this thesis, however, I introduce another variable: Returns. The returns 

variable is given as seen in Equation 7. 

Variable Name Variable Type Variable Description 

Date Date The timestamp of the stock price. 

Open Decimal The opening price of the stock. 

High Decimal The highest price of the day. 

Low Decimal The lowest price of the day. 

Close Decimal The closing price of the day. 

Adjusted Decimal The adjusted closing price that takes into account 

any firm activity from closing time to opening time. 
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Equation 7: Computation of return variable 

𝑟𝑒𝑡 = log (
𝑐𝑙𝑜𝑠𝑒𝑡

𝑐𝑙𝑜𝑠𝑒𝑡−1
⁄ ). 

For most financial modeling purposes, the absolute stock price is of no interest. Instead, I look at 

the change in the stock price, in this case, the log-return. This measure provides an idea as to the 

relative performance of the company, whereas the price does not. Below you find the plot 

illustrating the returns of the Apple stock (Figure 4). 

Figure 4: Returns of Apple’s stock 

 

3.3.2 The Twitter Data 

The Twitter data is the foundation of the (Granger) causal variable, that is the text data. 

Within the field of text analytics, such a data set is called a corpus. Through extensive 

preprocessing, processing, and analysis, this data provides the sentiment variable, on which the 

research question is built. Due to the above, I am going to spend a good amount of time on this 

specific data set. As commonly known, Twitter is a global social network with major activity 

especially outside the border of Denmark. A specific trait of Twitter is the character limitation it 

enforces. At the moment of writing, Twitter has set the limit at 280 characters, which is a 

significant increase from the previous limit of 140 characters. This feature has contributed to 
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Twitter becoming a large player in the social media industry. Especially, it has contributed to 

major crowds sharing its opinions about a wide range of topics on a daily basis. In addition to the 

above, the sheer speed of how news and opinions spread throughout the network has been a 

focal point for years. Not only does news spread faster than ever, but it also breaks faster. 

The last two aspects are key: Voicing opinions and the speed of news. Opinions carry 

information and this information can prove valuable to harvest. In the last decades, companies 

have invested a large amount of money in extracting opinions from customers and experts, only 

for the data to be prone to response bias. While above does not mean the quality of the data is 

poor (per se), it does mean data quality may not be of high standards. Enter Twitter. With the 

rise of social media, suddenly people offer their opinions for free. Their honest opinions, that is, 

absent of response bias. Not only that, but Apple’s software source code, hardware, services are 

trawled through daily and reviewed by customers, who share their findings on social media 

platforms. Above means that glitches and bugs are often discovered by customers first – not 

Apple. And it spreads with lightning speed. Combining these elements, and you have an 

interesting prospect: Do Twitter users spread news and thus share information that may affect 

the market price of Apple? And does the market react in a timely manner? What could the 

mechanisms be? 

Tweets are public, and thus available for everyone. However, scraping the Twitter webpage 

for millions of tweets is a tough ask. Fortunately, Twitter provides a public API, through which 

data can be pulled. Even more conveniently, the rtweet package (Kearney, 2018) provides a 

framework that integrates easily with the Twitter API. Bear in mind, to access the data through 

the API, one must comply with Twitter’s rules (Twitter, 2019). It includes authorization, setting 

up an application, and more (rtweet.info, 2019). When you satisfy Twitter’s rules, one can feed 

different variables into Kearney’s framework in order to query specific tweets. One thing to bear 

in mind is the free version of the API only gives access to historic tweets dating back six to nine 

days depending on the number of tweets that satisfy one’s query. Thus, the process of collecting 

tweets has been continuous as I need data on significantly more days than six to nine to perform 

a proper time series analysis. I elaborate further on the number of data points in subsection 6.2 
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Data Quality & Methodological Solidity, and I touch upon it during the analysis and model building 

as well. After each extraction cycle, each set of tweets are saved to a local drive. 

Specifically, this paper utilizes the search_tweets() function of the rtweet package. 

The function asks for input variables which customize the output, i.e. the tweets that are 

extracted. Most notable, these variables include 𝑞, 𝑔𝑒𝑜𝑐𝑜𝑑𝑒, and 𝑙𝑎𝑛𝑔. The three mentioned 

input variables dictate the tweets used for current paper. The below Table 3 outlines the input 

for the search query. 

Table 3: Twitter API Inputs 

 

As evident, extracted tweets all include either @Apple, which is the syntax one uses to mention 

a specific firm or person on Twitter (Twitter handle), #Apple, which is a way to group a collection 

of tweets that is easily searchable (hashtags), as well as iPhone and iPad. The last two keywords 

are chosen due to the importance of the products to Apple’s earnings (see 2.1 Case Company). 

The first two keywords are chosen as it is a way for the user to communicate either about Apple 

or directly to Apple. Combining these are deemed a solid sample of all tweets regarding Apple.  

Furthermore, I choose to only focus on English tweets, as unilingual tweets simplify the process 

of extracting sentiments from the tweets. Additionally, limiting the overall number of tweets, the 

current paper focuses only on tweets posted from the USA. 

A time series of the daily number of tweets collected is shown below in Figure 5. 

Input Variable Name Definition Input 

𝑞 Query to be searched [@𝐴𝑝𝑝𝑙𝑒; #𝐴𝑝𝑝𝑙𝑒; 𝑖𝑃ℎ𝑜𝑛𝑒; 𝑖𝑃𝑎𝑑] 

𝑔𝑒𝑜𝑐𝑜𝑑𝑒 Geographical limiter [𝑢𝑠𝑎] (through Google’s geo API) 

𝑙𝑎𝑛𝑔 Language of tweets [𝑒𝑛] (i.e. English tweets only) 
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Figure 5: Number of tweets collected over time 

 

As Figure 5 underlines, the extraction technique has been effective in collecting a large number 

of daily tweets concerning Apple. In fact, on average 9.573 daily tweets are to be analyzed. The 

period in which I have collected tweets spans from November 4th, 2018 to March 9th, 2019 – a 

period of just over four months corresponding to 127 days. Weekends and holidays are included. 

Finally, I take a closer look at the structure of the Twitter data set. For every single tweet, 

there are numerous associated variables; that is, the so-called properties of the individual tweets. 

I stated earlier that the output the Twitter API provides includes 88 variables, and not all of these 

are important to this paper. At the center of it all is the actual tweet, of course. The data set that 

is to be used in the current thesis is presented below in Table 4, along with the structure and 

description of the variables. The tweet_id column is added by the author. 
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Table 4: Twitter data set presentation 

 

As evident from the above table, I suggest focusing on six explanatory variables, of which one is 

merely a time variable to map the tweets to the trading data. Before we move on, I elaborate 

briefly on a variable that may not be self-explanatory. This one is specifically verified. As stated, 

it is a boolean variable (i.e. takes on two values: TRUE or FALSE) that describes whether the user 

is an individual of public interest. Opinions from such figures may carry more weight and including 

this variable can be beneficial in terms of controlling for opinion tied to public figures as opposed 

to the regular Joe.   

Variable Name Variable Type Variable Description 

created_at Date The timestamp of the creation of the tweet. 

screen_name Character Screen name of the creator of the tweet. 

text Character The actual tweet. 

verified Boolean Whether the twitter account is verified, i.e. if the 

account an influencer, public figure, etc. 

tweet_id Integer An ID column to keep track of individual tweets. 

hashtags Character A list of hashtags associated with the tweet. 
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Chapter 4: Deriving Sentiments from Twitter 

In this chapter, the process of deriving sentiments from the Twitter corpus is walked 

through. As mentioned earlier, the Twitter sentiment score is the foundation of current analysis 

and is seen as a variable that measures the influence from financial behavioral factors that may 

steer stock market returns away from the traditional theoretical behavior. Recall the heuristic 

shortcuts I outlined (2.3 Conceptual & Theoretical Framework) concerning availability, affect, and 

authority heuristics and biases. These are the elements that I attempt to estimate and 

operationalize through the Twitter data and the said sentiment analysis. 

The chapter is split into different subsections: First, I look closer at the data set and identify 

possible issues that arise from working with textual data. The same subsection touch upon the 

use of traditional natural language preprocessing steps, including tokenization, normalization, 

and noise removal. After that, I look closer at the extraction of sentiments. At this point, it is 

essential to acknowledge that sentiment analyses can be carried out in multiple ways; namely 

lexicon-based methods as well as machine learning and statistical based methods. This is a 

discussion I dig deeper into in the data processing subsection. Generally, the opinion mining 

process is represented by below Figure 6. The process guide is based on Silge & Robinson (2018).  

Figure 6: The process of text and opinion mining 
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The first step, i.e. retrieving data from Twitter’s API, has been completed. The rest of the 

steps are the focal points in the rest of the current chapter. Initially, however, I briefly define text 

mining, which is the umbrella term for subcategories such as opinion mining. Formally, it is 

defined as the extraction of information from technical literature (Sathees & Karthika, 2014). In 

this paper, this is extended to social media text in the shape of tweets. By extension of the above 

definition, text mining as a machine learning tool to extract facts and patterns from an otherwise 

unstructured data source. 

4.1 Data Preprocessing & Treatment 

The first step towards extracting sentiments from the Twitter data is preprocessing the raw 

data. The goal of preprocessing the data is to achieve a tidy data structure as defined by Silge & 

Robinson (2018): A table with one-token-per-row. With respect to textual data, a token is defined 

as a meaningful unit of text. Such a unit can be many things, including a single word, a sentence, 

or a paragraph. Before tokenizing the data – that is, the process of splitting the data into 

meaningful units of text – one must obtain clean data. In order to arrive at that stage, the 

following three steps are usually proposed (Sathees & Karthika, 2014): 

1. Noise removal: Clean up encoding and remove stop words. 

2. Tokenization: Split the data into meaningful units of text. 

3. Normalization: Stemming and lemmatization. 

While current literature suggests tokenization as the initial step, I propose that noise removal 

and tokenization is an iterative process when handling exceptional untidy and unstructured data 

such as Twitter data. This is mostly due to the fact that tweets extracted via the API have a few 

undesirable features, that must be taken care of before tokenizing the data. 

4.1.1 Initial Noise Removal 

The initial noise removal serves as a data cleaning step. Looking at the Twitter data straight 

out of the box, it is evident that there are a few data encoding issues. To understand the issue at 

hand, we take a closer look at a tweet subject to the aforementioned encoding issue below. 

Observe, the bold emphasis is added by the author. 
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“Thanks @ATT! I<U+2019>ll sleep a little easier knowing my iPhone isn<U+2019>t a racist.” 

A certain pattern – “<U+2019>” – is repetitive. This code represents a Unicode character. 

Specifically, “<U+2019>” represents an apostrophe (Unicode, 2019a), thus the actual sentence is 

supposed to be: 

“Thanks @ATT! I’ll sleep a little easier knowing my iPhone isn’t a racist.” 

Why is this important to correct? Let’s for a second focus on the second case: “isn’t”. This 

shorting of the phrase “is not” plays a central role in the sentence above as it shifts the valence. 

The process of detecting sentiments is highly sensitive, therefore it would not be able to catch 

the distinction between “isn’t a racist” and merely “a racist” due to the inability to match the 

negation term. Occurrences of this issue are frequent. In fact, scanning all tweets for a 

combination of “<U+[4 digits or letters]>”, a staggering 34.2% are subject to this problem. This 

underlines the need to control for it. Figure 7 highlights the frequency of each encoding error. 

Figure 7: Encoding Error by Frequency 
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First of all, note that I have converted the “<U+[4 digits or letters]>” format to a “\U[4 digits or 

letters]” format. Above is strictly due to how R handles the original encoding, which R sees as a 

single character (that is, R believes the code is actually the symbol). Reformatting the encoding 

enables us to handle them as separate strings rather than single characters. Figure 7 shows that 

taking care of roughly top 15 in terms of frequency eliminates more than 90% of all encoding 

errors. While there are more, they only occur with less than 1% each – and they are mostly 

emoticon modifier codes (skin color, for instance). We look closer at emoticons in a subsequent 

section. Therefore, I propose to focus only on the Unicode encodings highlighted in the figure. 

Note that the apostrophe accounts for roughly half of all errors. As it is mainly used for negation 

words, it once again underlines the importance of eliminating it. 

Fixing the encoding issue is handled algorithmically. It can be done in several ways. I deal 

with it by simply replacing the Unicode with its actual human understandable equivalent; that is 

\U2019 → ', \U201D → ”, \U2026 → … 

The process follows the flowchart in Figure 8. The algorithm follows an iterative process that 

corrects each tweet_id by detecting and replacing the certain code pattern with the associated 

symbol according to Unicode (2019a; 2019b). 

Figure 8: Flowchart of Noise Removal (Unicode Errors) 

 

4.1.2 Tokenization 

Tokenization is a fundamental transformation in natural language processing. Recall from 

earlier the definition of a token: A meaningful unit of text. The choice regarding tokenization 

depends on the analysis method, thus these considerations must be taken into account. Before I 

choose the optimal tokenization, I briefly sketch the different modeling approaches. Within 
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natural language processing, we consider different models of summarizing and analyzing data 

with regard to sentiment analysis. According to Liu (2012), Medhat, Hassan, & Korashy (2014), as 

well as Collomb et al. (2014), one can study at a document level, a sentence level, or an aspect 

level.  

A document level with respect to Twitter data would constitute to a per tweet level, i.e. 

extracting the sentiment of each tweet. The sentence level is self-explanatory, as it looks at 

sentiments per sentence. The last level – the aspect level – examines text by individual words. All 

three have both weaknesses and strengths. Liu (2012) argues that documents are merely a 

collection of sentences, thus there are few advantages of studying documents as opposed to 

sentences. By examining sentences rather than individual words, one can control for context and 

valence shifters in a natural way. However, the subject of interest are tweets, which can take on 

many different shapes. 

Tweets can be anything: Single word exclamations, a collection of emoticons, a coherent 

sentence, or a collection of sentences. Common for all of them is the character limitation of 280 

imposed by Twitter – increased from 140 characters recently (Rosen, 2017). Another element to 

keep in mind is the language used on Twitter. Social media posts often include slang and 

structural inconsistencies compared to the grammatical rules of English. As a result, tweets are 

rather unstructured in terms of grammar and plagued by irregular syntax and non-standard 

English (Kaufman, 2010). But keep in mind that we want to determine the overall sentiment for 

each tweet, which indicates that a document-level approach is needed.  

Document-level modeling comes in different shapes too; primarily the Bag of Words (BoW) 

model and the n-gram method. The BoW approach, according to Hu & Lui (2012), is mostly an 

engine for summarizing text data, i.e. examining frequencies in order to retrieve document 

topics. The BoW approach brings along a contextual issue known as the structural curse, meaning 

it disregards any sort of context. The n-gram method – while cutting text into individual grams – 

retains the order of the words. Higher orders of the n-gram approach tokenize the text into 

consecutive sequences of words. This feature is essential, which I elaborate upon when dealing 

with negation terms. 



Mathias Pagh Jensen Master Thesis 2019                         Copenhagen Business School 
May 15th, 2019 Twitter Sentiments & Stock Returns MSc. Finance & Investment  

39 
 

To highlight how the n-gram approach works, see Table 5. On the basis of the above 

considerations, the current paper utilizes the n-gram approach as the primary tokenization 

process. The functional driver for this comes from the tidytext package (Silge, et al., 2018), 

which includes the unnest_tokens() function. This function can be modified to retain 

hashtags and mentions as well. By applying this to our original data frame, we obtain the one-

token-per-row structure: The tidy data structure as described by Silge & Robinson (2018). 

Table 5: N-gram example 

 

4.1.3 Emoticons 

Twitter allows for emoticons to be added to a tweet. Within the field of opinion mining, 

emoticons are often still overlooked. According to the Merriam-Webster dictionary, emoticons 

are “a group of keyboard characters (such as :-)) that typically represents a facial expression or 

suggests an attitude or emotion and that is used especially in computerized communications 

(such as e-mail)”. Pay attention to the fact that it is used to suggest an attitude or emotion. That 

is, it enables the user to convey affections or emotions that otherwise can be difficult to convey 

in text. As such, emoticons are a powerful tool in terms of controlling for sarcasm. I elaborate on 

sarcasm detection in the following subsection (4.2 Feature Extraction), while current paragraphs 

are dedicated to the detection and transformation of emoticons only.  

Recall how I handled symbols that were represented as Unicode. Emoticons are 

represented the same way, though emoticons follow a “<U+[8 digits or letters]>” pattern with 

the exception of a few. These patterns are retained as individual tokens. Thereby we have all 

emoticons per tweet available after the tokenization. By consulting the official list of emoticons 

(Unicode, 2019b), one can construct a lookup table with the textual translation of the emoticons. 

Observe, on Twitter, the emoticons codes have three zeros as a prefix. This means <U+1F600> 

becomes <U+0001F600>. I have accounted for this in the lookup table. Furthermore, the 

Sample Sentence: My iPhone does not work 

Unigram: {My, iPhone, does, not, work} 

Bigram: {My iPhone, iPhone does, does not, not work} 

Trigram: {My iPhone does, iPhone does not, does not work} 
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standard encoding is reformatted to the “\U[8 digits or letters]” format. Below, a slice of the 

lookup table is shown (Table 6). 

Table 6: Emoticon lookup table sample 

 

As mentioned, the emoticon codes are retained as individual tokens through the 

unnest_tokens() function, however, it is true only after reformatting the original code as I 

shed light on above. By joining the lookup table and the tokenized data, I end up with the 

emoticon descriptions tied to each individual tweet_id that contains an emoticon. These 

descriptions play a key role in detecting sarcasm and irony, on which I elaborate later.  

4.1.4 Normalization: Stop Word Removal & Negation Handling 

The final preprocessing step is referred to as normalization. Normalization usually includes 

stemming and lemmatization as well as removing stop words, converting numbers into their 

textual representation, and setting all words to lower case (Mayo M. , 2017). I examine the 

removal of stop words first. Stop words are a collection of common English words, that do not 

carry any sentiment, nor any contextual contribution as such. These words include – but not 

limited to – “a”, “the”, and “or”, and are usually noisy elements in natural language processing 

given their frequent occurrences along with the fact that they do not contribute greatly in terms 

of sentence or document context. 

Extensive research has been conducted on such words, therefore I merely apply one of the 

stop-word lists already constructed. This paper takes advantage of a stop-word list based on work 

carried out by Lewis, Yang, Rose, & Li (2004). One has to bear in mind these lists include negation 

Code Emoticon Description 

\U0001F624 

 

Face with steam from nose 

\U0001F600 
 

Grinning face 

\U0001F602 

 

Face with tears of joy 
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terms, though. According to Liu (2012), one needs to pay attention to sentiment shifters, which 

mostly includes negation terms. Therefore, I suggest below approach, i.e. Figure 9. 

Figure 9: Flowchart for normalization 

 

The negation handling approach is based on Dey & Majumdar (2015). They suggest that 

words following negation terms are annotated. As Figure 9 indicates, this is done after stop words 

excluding negation terms are removed. The order suggested above ensures that “not a great 

phone” becomes “not great phone”, meaning “great” is annotated and not “a”. To highlight the 

importance of handling sentiment shifters, I refer to Figure 10. 

Figure 10: Word network tied to a selection of negation terms 
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Above figure is based on the Twitter data at hand. The figure highlights that a high amount of 

sentiment loaded words, such as “bad”, “happy”, and “perfect”, often come after a sentiment 

shifter. Recall from earlier that unigrams do not take into account context. However, by catching 

these occurrences and annotating words affected by sentiment shifters, I attempt to control for 

context with respect to negation. See logical approach below (Table 7). 

Table 7: Normalization and negation detection logic 

 

Having annotated words followed by a negation term, we can now discard the actual 

negation terms from the corpus. Going back to Figure 6, we have now tidied the Twitter corpus. 

The result is two additional tables: The emoticon description table as well as the tokenized data, 

respectively. Going forward, the data structure comprises of separate tables sharing a common 

key: The tweet_id column. The three tables are the original data frame (Table 4), as well as the 

two abovementioned tables, which are both outlined in below Table 8. 

  

Normalization and negation logic 

Input: TokenizedData (based on unnest_tokens() from tidytext package) 

Logic: 

FOR EACH tweet_id in TokenizedData: 

     FOR data in token: 

Force string to lower case 

Convert numbers to a textual representation 

ANTIJOIN(TokenizedData with ANTIJOIN(StopwordList with NegationList)) as TokenizedData 

IF lag(token) == NegationList: 

Append “IsNegated” to TokenizedData 

     ELSE: 

Append “IsNotNegated” to TokenizedData 

ANTIJOIN(TokenizedData with NegationList) as TokenizedData 

Output: TokenizedData + New IsNegated column 
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Table 8: Data sets - emoticons and tokenization 

 

Finally, I wish to shed light on a common step in natural language processing, namely 

stemming and lemmatization. Within the field of data science, we speak of entropy – or the lack 

thereof. Let’s for a second look at the word as an individual entity: Entropy explains the aggregate 

disorder within a system, that is, it describes unpredictability in a way. Stemming and 

lemmatizing are methods to combat the level of entropy existing in the corpus (Dey & Majumdar, 

2015). The concepts of stemming and lemmatizing bucket different variation of a word. For 

instance, “better”, “best”, “good”, and “goodness” are all converted to the simplest form of the 

word, i.e. “good”. It increases the data points around the concept of “good”, whereas it decreases 

the overall entropy in the corpus. Methods to accomplish this state are often lexica based – an 

approach I too apply through the textstem package (Rinker, 2018).  

Lemmatization is especially vital, as it concerns converting tokens to its lemma from any 

inflected form. Often carrying sentiments, adjectives come in many different inflected forms. 

Given I wish to analyze sentiments, bucketing data around specific lemmas is key. While more 

computationally expensive, lemmatization has a greater understanding of context as opposed to 

stemming. The process of stemming concerns the removal of affixes and suffixes, however 

current popular algorithms, such as Porter’s stemming algorithm, are prone to produce unreal 

The tokenized data 

Variable Name Variable Type Variable Description 

tweet_id Integer Key column. 

word Character Token – i.e. individual words excluding stop words, etc. 

is_negated Boolean Whether the token is negated – TRUE or FALSE. 

The emoticon data 

Variable Name Variable Type Variable Description 

tweet_id Integer Key column. 

code Character Token code. 

description Character Emoticon description of the code. 
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words (Jivani, 2011). The production of such words may skew the mapping algorithm (4.2 Feature 

Extraction), thus it is proposed that the corpus is merely lemmatized.   

4.2 Feature Extraction 

Feature extraction is the process of translating the tokens into analyzable content. Evident 

by the research question, the features of interest are the conveyed feelings or sentiments from 

the documents – and the corpus as a whole. The current subsection is dedicated to this purpose. 

It is split into two categories. Firstly, different feature extraction methods are sketched, based on 

which an appropriate method is chosen and applied. Secondly, I elaborate upon sarcasm 

detection. 

4.2.1 Feature Extraction Methodology 

Feature extraction can be carried out in various ways. Supervised machine learning like 

support vector machines, decision trees, etc. is one way. Though, that requires a training set on 

which the machine learning model is trained. This also expects the training set to contain actual 

sentiments, meaning tweets have been tagged with sentiments manually. A lexicon-based 

approach, however, relies on dictionaries of words labeled with both the semantic polarity and 

the associated semantic strength. By extension, lexicon-based approaches do not require a 

training set of already labeled tokens or documents. 

The literature provides several of the so-called lexica. All have different features. This paper 

applies both a numerical as well as “qualitative” approach, respectively. The numerical method 

relies on the AFINN lexicon – a list of English words adopting an integer valance rating system 

between -5 and 5 (Nielsen, 2011). All words are manually labeled by Finn Årup Nielsen between 

2009-2011. The other method – the qualitative approach – relies on the NRC lexicon. Contrary to 

the AFINN lexicon, the NRC lexicon (Mohammad & Turney, 2013) is compiled through 

crowdsourcing and includes not only sentiments (positive/negative), but emotions too (anger, 

fear, anticipation, trust, surprise, sadness, joy, and disgust). Objectivity nor neutrality is included. 

Having the emotions at our disposal provides an additional dimension to the analysis. Examples 

of the two lexica are provided below. 
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Table 9: Comparison of lexica 

 

As Table 9 indicates, the NRC lexicon does not limit words to a single sentiment/emotion, 

whereas the AFINN lexicon merely provides a sentiment score based on the polarity of the word. 

These sentiments and emotions are simply mapped to the preprocessed tokenized corpus (see 

Table 8 for reference), providing one (or several in the case of NRC) sentiment/emotion for each 

eligible token in the corpus. Unmatched tokens are discarded, assuming that unmapped tokens 

do not carry any specific sentiment or emotion. Above operation adds two additional columns to 

the tokenized data: “afinn_sentiment” and “nrc_sentiment”, respectively. 

I include two lexica to have different methods of sentiments measures. One that only cares 

about the magnitude of the valence (AFINN), and another one that is more colorful in terms of 

different emotions (NRC), which results in multiple variables. Logically, it is applied as showed 

below (Table 10). Both lexica follow the same methodology. 

Table 10: Sentiment feature extraction logic 

 

Word AFINN NRC 

Abandon -2 Fear 

Negative 

Sadness 

Litigation -1 Negative 

Love 3 Joy 

Positive 

 

Sentiment feature extraction 

Input: TokenizedData 

Logic: 

TokenizedData: JOIN(TokenizedData with AFINN || NRC) 

     FOR Data in AFINN || NRC: 

IF Data == NULL → (meaning no specific sentiment matches a specific word) 

Drop row → (meaning keeping only sentiment carrying tokens) 

     ELSE 

Data in AFINN|| NRC 

Output: TokenizedData + “afinn_sentiment” and “nrc_sentiment” column. 
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4.2.2 Sarcasm Detection 

Before moving on to the actual sentiment scoring, the last step that can affect the polarity 

is applied. Here, the focus turns to sarcasm. Sarcasm is a widely discussed subcategory within 

natural language processing. Natural language processing understands sentiments and emotions 

based on tokens – in this case mainly unigrams – meaning sarcasm is more difficult to detect. Of 

course, above is due to the nature of sarcasm; i.e. an individual expressing herself satirically in a 

praising manner, however really meaning the opposite. Moreover, given tweets do not reveal 

the tone of the sender, it highlights why sarcasm detection is a difficult task. But sarcasm acts as 

a valence shifter, as it steers the actual meaning of the words tweeted. Above indicates a sarcasm 

detection technique needs to be adopted. 

The literature suggests a variety of methods, most of which are rule-based approaches. 

These rule-based approaches are rooted in emoticons or hashtags (Vijayalaksmi & Senthilrajan, 

2017). A combination of different rule-based methods – a hybrid model – tends to yield good 

results according to the abovementioned paper. Initially, I shift focus to the individual rule-based 

methods adopted in the current paper: The hashtag method and the emoticon method, 

respectively. These two methods are preferred to supervised machine learning modeling 

approaches, as the data set consists of no training data with a manually annotated sarcasm 

column on which to train machine learning models. 

The former approach, the hashtag approach, is rooted in Twitter metadata. The Twitter API 

provides hashtags associated with every tweet as a separate column, cf. Table 4. As such, there 

is easy access to hashtags. Davidov, Tsur, & Rappoport (2010) and Liebrecht (2013) have 

proposed methods on which I base my hashtag sarcasm detection approach as a part of the 

greater hybrid method. Davidov et al. propose a simple, yet rather impactful, method that 

detects hashtags such as “#sarcasm”, “#sarcastic”, etc. Liebrecht builds on this solution but adds 

additional hashtags such as “#not”. By detecting these specific hashtags, one can append a 

boolean column that represents whether that tweet is sarcastic or not. It is further elaborated 

upon in Table 11. It has to be said that the hashtag approach is somewhat limited, as hashtags 

are manually added by the user, thus not every user expresses sarcasm explicitly through 

hashtags. 
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The second leg of the hybrid method is the emoticon approach. This step is more involved 

than the hashtag method. Vijayalaksmi & Senthilrajan (2017) suggest a two-step method. First, 

one extract sentiment features based on the description of the emoticons, much like in the 

preceding subsection (4.2.1 Feature Extraction Methodology). In this case, I apply the AFINN 

lexicon only. If the emoticon description scores higher than or equal to zero, it is marked as 

positive. If it scores below zero, it is marked as negative. There is one exception, though. 

According to the same research paper, it has been logically proved that the upside-down 

emoticon is commonly used to express sarcasm. I include this observation in my rule-based 

algorithm. The rule dictates the following: In case the tweet excluding emoticons is positively 

loaded while the emoticons indicate negativity, the tweet is marked as sarcastic. 

Combining the above two methods results in a hybrid method. The hybrid method simply 

adopts a ruleset that dictates a tweet to be sarcastically loaded if 

• Both methods are in agreement. 

• One of the methods detects sarcasm, while the other does not detect anything. 

If the methods are in disagreement, the tweet is marked as non-sarcastic due to the uncertainty 

of the approaches (Vijayalaksmi & Senthilrajan, 2017). See below Table 11 for an overview of the 

approach. 

Table 11: Sarcasm detection logic 

 

The hashtag-based approach The emoticon approach 

Input: OrigTwitter dataset (see Fejl! 

Henvisningskilde ikke fundet.) 

Logic: 

FOR EACH tweet_id in OrigTwitter: 

     For Data in Hashtag column: 

IF Data == “#sarcasm”, “#not”, etc. 

Append “sarcastic” to OrigTwitter 

     ELSE: 

Append “not sarcastic” to OrigTwitter 

Output: OrigTwitter + New sarcasm 

detection column 

Input: Emoticon dataset (see Fejl! 

Henvisningskilde ikke fundet.) 

Logic: 

NewEmo: JOIN(Emoticon with AFINN) 

FOR EACH tweet_id IN NewEmo: 

SUM AFINN sentiment score as afinn_score 

IF afinn_score >= 0: 

Append “sarcastic” to NewEmo 

     ELSE: 

Append “not sarcastic” to NewEmo 

Output: NewEmo + New sarcasm detection 

column 
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4.3 Sentiment Scoring 

The final leg of the stool is scoring each tweet and converting it to a time series that follows 

the time-frequency like that of the stock return series. Obviously, we need to compute scores for 

both lexica. Due to the different structural nature of the lexica, I suggest the adoption of different 

methodologies with regard to sentiment scoring. While adopting different methodologies, both 

approaches build on an existing framework, cf. Musto, Semeraro, & Polignano (2014), but with a 

couple of additions and tweaks to accommodate the valence shifters retrieved in previous steps. 

Let 𝑡𝑜𝑘𝑖 , … , 𝑡𝑜𝑘𝑛  be each token in tweet 𝑇 excluding stop words. Furthermore, we denote 𝑆 as 

the sentiment conveyed by 𝑇 (cf. Table 10). Finally, let 𝑛𝑒𝑔𝑖 …𝑛𝑒𝑔𝑛 be a dummy variable that 

takes into consideration negation (cf. Table 7); and 𝑠𝑎𝑟𝑇 denotes if tweet 𝑇 is sarcastically loaded 

(cf. Table 11). The sarcasm variable acts a dummy variable, too. Both dummy variables behave in 

different manners based on the individual lexicon. This is elaborated upon below. 

Recall the sentiment feature of the AFINN lexicon: It ranges from negative five to positive 

five based on the polarity of the sentiment. As such, we have a quantitative representation of 

sentiments in a single column – this is represented as 𝑠𝑐𝑜𝑟𝑒𝐴𝐹𝐼𝑁𝑁(𝑡𝑜𝑘𝑖). Observe that we 

normalize the score on the document level (i.e. per tweet) through the division of |𝑇|, which 

denotes the number of tokens in each individual tweet. The score is normalized in order to 

control for the length of sentiment loaded tokens in each tweet, as the focal point is on a 

document level rather than on a token or corpus level. The approach is put on formula below 

(Equation 8). 

Equation 8: Sentiment scoring on the AFINN lexicon 

𝑆(𝑇) = 𝑠𝑎𝑟𝑇∑
𝑠𝑐𝑜𝑟𝑒𝐴𝐹𝐼𝑁𝑁(𝑡𝑜𝑘𝑖)𝑛𝑒𝑔𝑖

|𝑇|

𝑛

𝐼=1

 

where 

𝑛𝑒𝑔𝑖 = {
𝑖𝑓: 𝑛𝑒𝑔𝑎𝑡𝑖𝑜𝑛 = 𝑇𝑅𝑈𝐸 𝑡ℎ𝑒𝑛 −1

𝑒𝑙𝑠𝑒: 𝑛𝑒𝑔𝑎𝑡𝑖𝑜𝑛 = 𝐹𝐴𝐿𝑆𝐸 𝑡ℎ𝑒𝑛 1
} 

𝑠𝑎𝑟𝑇 = {
𝑖𝑓: 𝑠𝑎𝑟𝑐𝑎𝑠𝑚 = 𝑇𝑅𝑈𝐸 𝑡ℎ𝑒𝑛 −1

𝑒𝑙𝑠𝑒: 𝑠𝑎𝑟𝑐𝑎𝑠𝑚 = 𝐹𝐴𝐿𝑆𝐸 𝑡ℎ𝑒𝑛 1
}. 
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Turning the attention to the NRC lexicon, above is slightly tweaked to accommodate the 

distinctive affections and sentiments, which are represented in a quantitative way. For each 

token 𝑡𝑜𝑘𝑖  which matched a singular affection 𝑎1…𝑎𝑘, I assign an integer value (denoted 𝑐𝑖), 

which initially is 1 for all tokens regardless of matched affection. This additional column servers 

as a counting column, so to speak. As evident by Equation 9, the scores are aggregated by the 

distinctive affection group, meaning we end up with individual columns per affection group. This 

is beneficial, as it provides a timeseries for each group. To simplify the process, I split the scoring 

equation into two: 𝑆(𝑇|𝑎𝑗) and 𝑠𝑐𝑜𝑟𝑒𝑁𝑅𝐶(𝑡𝑜𝑘𝑖|𝑎𝑗), respectively. The former is dependent on the 

latter. Here, we do not normalize per document, as scores are separated into affection groups. 

Equation 9: Sentiment scoring on the NRC lexicon 

𝑆(𝑇|𝑎𝑗) =∑∑𝑠𝑐𝑜𝑟𝑒𝑁𝑅𝐶(𝑡𝑜𝑘𝑖|𝑎𝑗)

𝑛

𝐼=1

𝑘

𝑗=1

 

where 

𝑠𝑐𝑜𝑟𝑒𝑁𝑅𝐶(𝑡𝑜𝑘𝑖|𝑎𝑗) = 𝑠𝑎𝑟𝑇∑𝑐𝑖𝑛𝑒𝑔𝑖

𝑘

𝑗=1

. 

Observe, both 𝑠𝑎𝑟𝑇 and 𝑛𝑒𝑔𝑖 are identical to those defined earlier. 

The final step concerns aggregation on a time-frequency appropriate for the subsequent 

time series analysis. The stock data, cf. Table 2, has a daily frequency – 𝑡 = 1,… ,𝑚 – and so 

should the sentiments data. In order not to skew the data due to irregularities in tweets per day 

(see Figure 5), the daily score is normalized. Hereby, the bottom-up approach is completed. This 

aggregation step varies depending on the lexicon, too. Equation 10 shows how the AFINN based 

score is aggregated, while Equation 11 highlights the aggregation of the NRC based score. Let 

𝑆𝑡,{𝐿𝐸𝑋}(𝑆(𝑇)) denote the sentiment score at time 𝑡 = 1,… ,𝑚 and Σ(𝑇𝑡) denote the number of 

sentiments loaded tweets at time 𝑡.  
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Equation 10: Time frequency aggregation step (AFINN) 

𝑆𝑡,𝐴𝐹𝐼𝑁𝑁(𝑆(𝑇)) =∑
𝑆(𝑇)

Σ(𝑇𝑡)

𝑚

𝑡=1

 

Equation 11: Time frequency aggregation step (NRC) 

𝑆𝑡,𝑁𝑅𝐶 (𝑆(𝑇|𝑎𝑗)) =∑
𝑆(𝑇|𝑎𝑗)

Σ(𝑇𝑡)

𝑚

𝑡=1

 

Finally, below Figure 11 presents the time series retrieved through the sentiment analysis carried 

out in this chapter. The time series are split in to, depending on the associated lexicon. 

Furthermore, all the above methodology is applied for both verified Twitter members only as well 

as non-verified Twitter members. This step is required to test whether verified members’ 

sentiments affect stock prices differently than regular individuals, cf. the authority bias shed light 

on during the conceptual framework. 

Figure 11: Sentiment scores over time by lexicon 
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Interestingly, we see a wide range of fluctuations. Looking at the AFINN lexicon, there are 

concurrent dips in sentiments for both verified and non-verified users at the beginning of the 

year 2019 and at the end of January. These dips are in line with Tim Cook’s, CEO of Apple, 

downgrade of expected earnings for Apple investors (Apple Inc., 2019) and the Facetime glitch 

that let users of Apple’s video call application listen to whom they called, despite the receiver not 

accepting the call (Mayo B. , 2019), respectively. The events just mentioned are indicative of the 

AFINN sentiment score’s ability to catch the changes in sentiment. With respect to the NRC 

lexicon, we see negativity and surprise rise in the wake of Time Cook’s press release, whereas 

fear rose, and trust decreased slightly during the time the Facetime glitch was uncovered. Of 

course, these observations are based on singular events, however, it does provide indications as 

to whether the affections provide useful information.  

Finally, it is evident in Figure 11 that AFINN provides more striking fluctuations compared 

to NRC. While NRC’s fluctuations are less prominent, the NRC lexicon advances in the wide range 

of affections which can be mapped and scored. Figure 11 also highlights the fact that verified 

users express themselves more uniformly, as the peaks and valleys are greater. Whether or not 

all of the above affects the analysis is to be answered in the subsequent chapter(s). 
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Chapter 5: Statistical Analysis & Results 

In this chapter, I move on to the statistical analysis. This chapter brings together the 

sentiment analysis carried out in the previous chapter as well as the stock prices of Apple 

extracted earlier. Recall the research question: We want to examine whether Twitter sentiments 

carry information that is related to the movements of the stock price. The chapter touches upon 

various topics, including endogeneity and exogeneity, the absence or presence of unit roots, 

statistical inference, and more. Generally, it attempts to draw inference in relation to the 

research question.  

5.1 Causality & Endogeneity 

Before conducting the analysis, I briefly discuss endogeneity with respect to causality, as it 

paves the way for the modeling choice and how I approach the researched relationship between 

stock price movements and Twitter sentiments. In fact, the lack of exogenous independent 

variables is the greatest validity threat (Antonakis, Bendahan, Jacquart, & Lalive, 2014). By 

extension, it is key to take into account when choosing modeling design. To understand 

endogeneity, let’s consider an OLS regression: 

𝒀 = 𝛽0 + 𝛽𝑿 + 𝜀. 

Endogeneity is the presence of correlation between the error term of said OLS regression and 

the independent regressors, 𝑿. This is in violation of one of the underlying assumptions of OLS, 

i.e. that the conditional mean should be zero: 

𝐸(𝜀|𝑿) = 0. 

Furthermore, true coefficient estimates are said to be consistent; that is, they converge to the 

true population estimate asymptotically. If one introduces bias to the regression, estimation 

inconsistency occurs, and the true estimate is not reflected. As mentioned initially, endogeneity 

is a threat to consistent estimates. It is important to keep in mind abovementioned condition 

when reading the following. 

With quantitative data, as is the case with current research paper, it is key to keep track of 

two designs: Experimental and non-experimental, respectively. The non-experimental category, 
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in which this paper falls, embraces the fact that the researcher cannot control the randomness 

and manipulation of the independent variable. For starters, I actively choose the query keywords 

as input to the Twitter API, meaning the output relates to these keywords. While the keywords 

limitation was necessary due to computational and API constraints, it does add defined and 

distinctive sampling rather than completely random sampling, despite extracting the whole 

population within those defined keyword boundaries. The other component – manipulation of 

the variables – should be considered, too. Although the Twitter data is manipulated in the shape 

of a transformation (sentiment analysis), it is not manipulated in the traditional sense in the 

shape of experimental research (control versus control group, for instance). 

Considering the above, it points in the direction of non-experimental (or econometric) 

research. Such a research design limits the inference one can draw. According to Antonakis el at. 

(2014), mainly experimental research frameworks are able to shed light on (real) causal effects. 

In fact, they go as far as stating that non-experimental research that does not address the issue 

of endogeneity is pretty much useless. They continue listing possible pitfalls of non-experiential 

research and list endogeneity drivers; including omitted variable bias (OVB), measurement error, 

and reverse causality. I specifically mention these, as they are the components that lay the 

foundation for the modeling approach. 

Endogeneity is partly a byproduct of OVB, and omitted variables may affect the consistency 

of estimates. An omitted variable is a feature that is included in the true model and at the same 

time is correlated with 𝑿. Hence if 𝜀 is correlated with 𝑿, it indicates omitted variables (it may be 

indicative of other factors too, such as functional form misspecification). By extension, if such a 

variable is left out of the equation, the assumption stating the absence of correlation between 

the error term and 𝑿 is violated. Omitted variable bias is mainly a domain knowledge area, 

meaning it relies on theory (Antonakis & Dietz, 2011). Prior research has shown micro- and 

macro-economic factors playing a role (Fama & French, 2015).  

However, more worryingly are the second and third endogeneity drivers: Measurement 

error and reverse causality. Let’s consider the latter. Reverse causality describes the situation 

where the independent variable affects the dependent variable (the traditional OLS relationship), 
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but the dependent variable affects the independent variable, too. Especially this phenomenon – 

that sentiments may steer stock prices, but sentiments may also be reflected by stock prices – is 

a cause for concern, and the primary driver behind the modeling approach applied in this paper. 

Finally, I shortly discuss measurement errors. Measurement error is when the proxy for a variable 

is imperfect (Cameron & Trivedi, 2005). This paper measures sentiments through opinion mining 

of tweets, meaning actual sentiments are not observed, per se. 

Boiling down all of the above thoughts, the modeling approach points to a model which 

takes into account the non-experimental nature of the data. In the early stages of social media 

sentiments as an independent variable to stock prices, an approach that examines correlation 

rather than (biased and inconsistent) causality is deemed adequate. Of course, this choice is 

rooted in the abovementioned consistency issues. It includes the introduction of bias through 

non-experimental data – especially based on the possibility of variable interdependencies. 

Keeping that in mind, I suggest moving forward with a Vector Autoregressive model (VAR). I go 

more in-depth with the VAR model in the coming subsections. 

5.2 Splitting the Data 

Before moving on the presenting the VAR model, the data is split into training and testing 

data. Splitting the data enables us to carry out out-of-sample testing; that is, it allows testing on 

data on which the model has not been fitted. This methodology provides a less biased and more 

robust evaluation of the final model. Keep in mind, we have a relatively low amount of 

observations, to begin with. As a result of above, too many observations cannot be held out, as 

it diminishes the number of observations on which the model is trained, which may skew the 

model estimates and increase the confidence intervals even further. As the data is on a daily 

basis, the hold out data (or test data) is set at 𝑛 = 5. This corresponds to a standard trading week. 

On top of that, a small window of testing is adequate in the sense that the analysis lays the 

foundation for a day-to-day trading strategy. 

Figure 12 illustrates the split. The shaded grey area indicates the testing window. As 

evident, the type of split leaves a sufficient amount of training data. The number of training set 

observations is discussed in 6.2 Data Quality & Methodological Solidity. 
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Figure 12: Training and testing data 

 

5.3 Vector Autoregression Model 

As shown in the initial subsection, a regression model – while able to draw causal inference 

– treats the independent variables as exogenous. Additionally, we established causes for concern 

with respect to the underlying assumptions, namely the presence of endogenous independent 

variables. The vector autoregressive model – and extension of the univariate autoregressive 

model, which takes into account lags of the variable itself – allows for multivariate 

interdependencies through simultaneous equation systems (Hyndman & Athanasopoulos, 2018). 

A general 𝑉𝐴𝑅(1) model, meaning it allows for one lagged value per variable, can be written as 

such: 

Equation 12: VAR(1) example model 

𝑦1,𝑡 = 𝑐𝑡 + 𝜃11,1𝑦1,𝑡−1 + 𝜃12,1𝑦2,𝑡−1 + 𝜀1,𝑡
𝑦2,𝑡 = 𝑐𝑡 + 𝜃21,1𝑦1,𝑡−1 + 𝜃22,1𝑦2,𝑡−1 + 𝜀2,𝑡

 

In matrix form, it becomes (Enders, 2015):  

Equation 13: VAR in standard form 

𝑥𝑡 = 𝑨𝟎 + 𝑨𝟏𝑥𝑡−1 + 𝜀𝑡. 
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This is also what is referred to as a VAR model in reduced (or standard) form, which takes into 

account exogeneity. The simple form (Equation 12), which is the structural form, cannot be 

estimated by OLS due to the presence of endogeneity, hence the reduced form (Equation 13). 

Observe, Hyndman & Athanasopoulos (2018) state the model assumes identical lags for 

variables included in the model. Each equation in the system is estimated by the principles of 

least squares but allows for endogenous variables. The number of lags to include in the model is 

decided by an iterative process that chooses the best performing model based on an information 

criterion (performance measure) – either the Akaike Information Criterion (AIC) or the Bayesian 

Information Criterion. One caveat, though: The VAR model assumes each variable is influenced 

by all other variables in the equation system. 

Furthermore, the VAR model imposes a series of underlying assumptions, which the data 

needs to meet. Especially one condition is important: Series stationarity. In general, a stationary 

series in weak form (we assume weak stationarity is adequate) is defined by both the 1st moment 

(the mean) and the 2nd moment (covariance) being constant over time (Hyndman & 

Athanasopoulos, 2018). Within the field of time series analysis, non-stationarity is normally 

handled through differencing the series, i.e. a period to period change which irons out trends and 

variance inconsistencies. Sims (1980) argues, though, that differencing the series in case of non-

stationary comes with a cost of disregarding long-run relationships between the levels of the 

series. I shed further light on this issue in case the series, in fact, are non-stationary; this includes, 

for instance, cointegration as a tool for accommodating possible undesirable time series 

patterns. 

5.4 Testing for Stationarity & Unit Root 

Building econometric models based on non-stationary series can lead to spurious 

regressions. Thus, in case two or more variables are non-stationary, the model provides 

misleading estimates. To begin with, consider the following univariate time series: 

Equation 14: Univariate process 

𝑦𝑡 = 𝑐 + 𝑎1𝑦𝑡−1 + 𝜀𝑡−1. 
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It describes the current value as a function of the value at 𝑡 − 1 and some randomness. If 𝑎1 =

1, then the time series does not converge to its origin; the time series is said to have a unit root. 

As such, the presence of a unit root translates to a stochastic trend, which is in violation of the 

assumption of a constant 1st moment conditioned for a stationary series. Note that we distinguish 

stochastic and deterministic trends, as they are handled differently. On the one hand, 

deterministic trends – a trend that the series always reverts to – is handled by detrending the 

series. On the other hand, a stochastic trend – a trend that is permanently affected by shocks – 

cannot merely be detrended. I elaborate below. 

Recall Figure 2 illustrated a geometric Brownian motion. It described a theoretical stock 

price process, and that has a unit root by design. Fortunately, unit root tests exist. It tests whether 

𝑎1 is significantly different from 1. One of these tests is the Augmented Dickey-Fuller (ADF) test, 

which reverses the rationale of the above test; that is, under 𝐻0 the ADF test states 𝑎1 = 1, 

whereas the alternative hypothesis declares 𝑎1 < 1. Thus, by rejecting the null, one can conclude 

that the series does not have a unit root. The test requires a certain number of lags 𝑝 on which 

to conduct the test, as evident by below Equation 15 (Enders, 2015).  

Equation 15: Augmented Dickey-Fuller 

Δ𝑦𝑡 = 𝜋𝑦𝑡−1 +∑𝛽𝑖Δ𝑦𝑡−𝑖+1 + 𝜀𝑡

𝑝

𝑖=2

 

This number 𝑝 is chosen algorithmically in R by an information criterion, in this case, AIC. 

Generally speaking, including more lags have proven to yield more robust test than less. 

In combination with the ADF test, we attempt to verify the results visually. I evaluate this 

condition visually by applying the autocorrelation function (ACF), which is given as such 

(Hyndman & Athanasopoulos, 2018): 

Equation 16: Autocorrelation function 

𝑟𝑘 =
∑ (𝑦𝑡 − �̅�)(𝑦𝑡−𝑘 − �̅�)
𝑝
𝑡=𝑘+1

∑ (𝑦𝑡 − �̅�)2
𝑝
𝑡=𝑘+1

. 
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This function detects the influence of 𝑦𝑡−1 on 𝑦𝑡 and visualizes the pace at which it decays over 

time. The function indicates stationarity/non-stationary visually.  

Figure 13 shows the ACF of Apple’s stock returns graphically. If one considers Figure 12, it 

is clear that the ADF test on the stock returns should be conducted without an intercept. Further 

investigation of the ACF plot indicates a low persistence of the time series due to the rapidly 

decaying function, pointing in the direction of stationarity. 

Figure 13: ADF of stock returns 

 

However, to provide a clearer answer, the ADF test is conducted. The results are found below. 

𝐴𝐷𝐹 =  −5.583, 𝑐𝑟𝑖𝑡 = −1.95 

Interpretation and the choice of critical values are discussed in depth below. First, I illustrate the 

results of the stationarity assessment of the remaining time series. It can be found in Table 12, 

page  59.   
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Table 12: Series stationarity assessment – note, subscript “nv” is “not verified”, whereas “v” is “verified” 

Number of Tweets AFINN – Score NRC – Anger NRC – Anticipation 

    

𝐴𝐷𝐹𝑛𝑣 = −4.008, 𝑐𝑟𝑖𝑡𝑛𝑣 = −2.89
𝐴𝐷𝐹𝑣 = −4.542, 𝑐𝑟𝑖𝑡𝑣 = −2.89

 
𝐴𝐷𝐹𝑛𝑣 = −3.234, 𝑐𝑟𝑖𝑡𝑛𝑣 = −2.89
𝐴𝐷𝐹𝑣 = −3.499, 𝑐𝑟𝑖𝑡𝑣 = −2.89

 
𝐴𝐷𝐹𝑛𝑣 = −4.175 , 𝑐𝑟𝑖𝑡𝑛𝑣 = −2.89
𝐴𝐷𝐹𝑣 = −4.371, 𝑐𝑟𝑖𝑡𝑣 = −2.89

 
𝐴𝐷𝐹𝑛𝑣 = −3.944, 𝑐𝑟𝑖𝑡𝑛𝑣 = −2.89
𝐴𝐷𝐹𝑣 = −4.892, 𝑐𝑟𝑖𝑡𝑣 = −2.89

 

NRC – Disgust NRC – Fear NRC – Joy NRC – Negative 

    

𝐴𝐷𝐹𝑛𝑣 = −3.056, 𝑐𝑟𝑖𝑡𝑛𝑣 = −2.89
𝐴𝐷𝐹𝑣 = −4.982, 𝑐𝑟𝑖𝑡𝑣 = −2.89

 
𝐴𝐷𝐹𝑛𝑣 = −4.148, 𝑐𝑟𝑖𝑡𝑛𝑣 = −2.89
𝐴𝐷𝐹𝑣 = −2.682, 𝑐𝑟𝑖𝑡𝑣 = −2.89

 
𝐴𝐷𝐹𝑛𝑣 = −3.383, 𝑐𝑟𝑖𝑡𝑛𝑣 = −2.89
𝐴𝐷𝐹𝑣 = −5.255, 𝑐𝑟𝑖𝑡𝑣 = −2.89

 
𝐴𝐷𝐹𝑛𝑣 = −4.528, 𝑐𝑟𝑖𝑡𝑛𝑣 = −2.89
𝐴𝐷𝐹𝑣 = −3.034, 𝑐𝑟𝑖𝑡𝑣 = −2.89

 

NRC – Positive NRC – Sadness NRC – Surprise NRC – Trust 

    

𝐴𝐷𝐹𝑛𝑣 = −2.042, 𝑐𝑟𝑖𝑡𝑛𝑣 = −2.89
𝐴𝐷𝐹𝑣 = −4.227 , 𝑐𝑟𝑖𝑡𝑣 = −2.89

 
𝐴𝐷𝐹𝑛𝑣 = −4.691, 𝑐𝑟𝑖𝑡𝑛𝑣 = −2.89
𝐴𝐷𝐹𝑣 = −4.486, 𝑐𝑟𝑖𝑡𝑣 = −2.89

 
𝐴𝐷𝐹𝑛𝑣 = −3.731 , 𝑐𝑟𝑖𝑡𝑛𝑣 = −2.89
𝐴𝐷𝐹𝑣 = −5.772, 𝑐𝑟𝑖𝑡𝑣 = −2.89

 
𝐴𝐷𝐹𝑛𝑣 = −2.870 , 𝑐𝑟𝑖𝑡𝑛𝑣 = −2.89
𝐴𝐷𝐹𝑣 = −4.706, 𝑐𝑟𝑖𝑡𝑣 = −2.89
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Assessing Table 12 as well as Figure 13, we see clear patterns. Recall that the null hypothesis 

states there is a unit root. The critical value at a 5% significance level is either −1.95 or −2.89, 

respectively. The former is for the ADF test without intercept, while the latter is based on an ADF 

test with an intercept – and both are based on the number of observations in the training dataset. 

Consider Figure 12, the stock returns series indicates that no intercept is needed, thus we apply 

a critical value of −1.95. For all sentiments (see Figure 11), it is clear there is a non-zero intercept, 

hence we use the critical value of −2.89 for these time series. The critical values are based on 

𝑛 = 80. 

The pattern referred to is the rapidly decaying autocorrelation function over the selected 

lags. By design, at 𝑝 = 0 is 𝑟0 = 1, as it is the observation correlated with itself. An AFC that 

instantly dies out indicates stationarity; however, the graphs do not provide a clear-cut answer. 

Enter the ADF test. Fortunately, in broad terms, the test is aligned with the initial thoughts on 

the graphical representation. As mentioned, the test is set up as a one-sided hypothesis test. The 

null hypothesis (presence of a unit root) is rejected if |𝐴𝐷𝐹| > |𝑐𝑟𝑖𝑡|. Here, I have denoted the 

test statistics (a t-test) by the name of the test itself, thus 𝐴𝐷𝐹 = 𝑡𝑒𝑠𝑡 𝑠𝑡𝑎𝑡𝑖𝑠𝑡𝑖𝑐. 

The series that do not pass the test are highlighted in yellow. Firstly, the results indicate the 

number of tweets series is stationary. Due to this observation, we do not touch further upon this 

variable in the current subsection. Evidently, the few that fails the test are merely borderline. To 

check the significance more in-depth, I apply MacKinnon’s approximate p-value approach of the 

unit root test (MacKinnon, 1996), which is implemented through the urca package. Below, you 

find the approximate p-values associated with the time series that failed the ADF test. 

𝑝𝑣,𝑓𝑒𝑎𝑟 = 0.081, 𝑝𝑛𝑣,𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 = 0.269, 𝑝𝑛𝑣,𝑡𝑟𝑢𝑠𝑡 = 0.053. 

Above results tell that both the p-value associated with the verified fear variable and the non-

verified trust variable only just fail the ADF test – in fact, both would reject the null hypothesis on 

a 10% significance level. Regarding the final p-value, the non-verified positive variable, shows the 

null hypothesis cannot be rejected. It is a clear indication of a unit root. To quickly sum up the 

stationarity test, it shows that a VAR in levels can be run on the AFINN lexicon and the change in 

the number of tweets, but a model built on the NRC lexicon needs further investigation. 
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Non-stationary series are said to be integrated of order 𝑑 – generally denoted 𝐼(𝑑). In order 

to derive Granger causality and perform the impulse-response function, a correct model 

specification is key. As shown above, only the timeseries derived from the NRC lexicon needs 

further investigation with respect to stationarity. Below, I touch upon both the non-verified and 

verified timeseries, as they are dealt with differently due to the different number of variables 

where 𝑑 > 0. 

Consider the verified NRC time series. As evident by the stationarity analysis, a single 

variable does not meet the criterion of stationarity. The concerned variable is the verified fear 

feature. Consider Equation 13: In order to meet a stable condition in a multivariate scenario, 𝑨𝟏 

is analog to that of the univariate form (see Equation 14); that is, for convergence to happen (𝑨𝟏
𝒏 

going to zero as 𝑛 approaches infinity), the roots must lie outside the unit circle (Enders, 2015). 

In the case of the verified NRC timeseries, only one variable has a unit root – therefore, we do 

not need to worry about cointegration. As a result, the first difference is taken of the concerned 

variable; i.e., 𝐼(1). Checking the stationarity conditions subsequently, the timeseries now meets 

the criteria, evident by below test-statistic and MacKinnon’s approximate p-value. 

𝐴𝐷𝐹𝑣,𝑓𝑒𝑎𝑟~𝐼(1) = −9,352, 𝑝𝑣,𝑓𝑒𝑎𝑟~𝐼(1) < 0.001.  

Regarding the two non-stationary series from the non-verified NRC time series, the process 

is different as one needs to consider cointegration. Cointegration refers to the fact that 

stationarity can be obtained through a linear relationship between integrated variables. In the 

presence of cointegration, the standard VAR model provides inefficient estimates, and one must 

take into account an error correction term. Before going into detail, I test for cointegration 

between the two non-stationary variables. 

Mathematically, consider two components of the vector 𝒙𝑡. 𝒙𝑡 is cointegrated of order 𝑑, 𝑏, 

i.e. 𝑥𝑡𝐶𝐼(𝑑, 𝑏), if the components are integrated of the same order 𝑑. In addition, there must 

exist a linear combination of 𝜷𝒙𝑡 which is integrated of order (𝑑 − 𝑏) where 𝑏 > 0 (Engle & 

Granger, 1987). Engle & Granger have put forth an approach to test for the existence of 

cointegration. It is a two-step procedure. First, in order to conduct the test, the two variables 

require to be integrated of the same order as shown above. This is checked by taking the first 
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difference of both non-stationary series, after which I perform the ADF test once more – identical 

to the approach applied to ensure stationarity on the single variable associated with the verified 

Twitter users: 

𝐴𝐷𝐹𝑛𝑣,𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒~𝐼(1) = −2.074, 𝑝𝑛𝑣,𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒~𝐼(1) = 0.037

𝐴𝐷𝐹𝑛𝑣,𝑡𝑟𝑢𝑠𝑡~𝐼(1) = −4.996, 𝑝𝑛𝑣,𝑡𝑟𝑢𝑠𝑡~𝐼(1) < 0.001
. 

As shown above, both series are integrated of the same order (𝑑 = 1). Therefore, we move 

on to the second step of the cointegration test: Estimation of the long-run equilibrium 

relationship. The long-run equilibrium can be obtained as shown below: 

𝑁𝑅𝐶𝑡𝑛𝑣,𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 = 𝛽0 + 𝛽1𝑁𝑅𝐶𝑡𝑛𝑣,𝑡𝑟𝑢𝑠𝑡 + 𝜀𝑡. 

In case the variables are cointegrated, the estimates 𝛽0 and 𝛽1 are “super consistent”, and the 

spread, 𝜀𝑡, is stationary. Using OLS, the betas can be estimated: 

�̂�0 = 0.884, 𝑝�̂�0 < 0.001

�̂�1 = 0.583, 𝑝�̂�1 < 0.001
. 

The spread looks as below (Figure 14): 

Figure 14: The spread of the long-run equilibrium relationship 
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Investigating the spread, it is clear that on average (the linear dependency) the series move 

together. Intuitively, it makes sense as trust is a positive affection, and words that are associated 

with trust are associated with positivity, too. The loess dependency, however, indicates the two 

series move in a non-stationary pattern over time. The answer is not clear cut, hence the 

conduction of an ADF test on the spread. Observe, the ADF is carried out without an intercept, 

as residuals in nature are zero-mean. The results are reported below. 

𝐴𝐷𝐹𝜀𝑡 = −3.643, 𝑝𝜀𝑡 < 0.001. 

The test indicates that the two variables are indeed cointegrated. Cointegration is vital to keep 

in mind when specifying the model, as it calls for an error correction term in order to avoid 

spurious regressions. 

5.5 Model Specification 

Model specification is the procedure of specifying a model, which describes the data most 

correctly. Specifying a VAR model entails choosing the right number of lags to include in the 

model. One way to go about it is to iterate over a sequence of lags, after which one can choose 

the model based on the AIC. Keep in mind, the procedure follows different patterns based on the 

presence or absence of cointegration. The additional steps to be included in the model 

specification as a consequence of cointegration are touched upon below. Structurally, I provide 

an example of the procedure, after which I present all specifications. Based on the limitations of 

the paper, mainly the stock return variable is in scope. Therefore, only coefficient estimates tied 

to this specific variable are presented. 

5.5.1 No Cointegration 

Most models follow the specification procedure presented here. Recall Equation 12: A VAR 

model includes 𝑝 lags of all endogenous variables, allowing for simultaneous effects. The most 

efficient model is the one which satisfies min[𝐴𝐼𝐶(𝑝)], where 

Equation 17: Akaike Information Criterion 

𝐴𝐼𝐶 = ln (
𝑅𝑆𝑆

𝑇
) +

2𝑘

𝑇
, 
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and 𝑘 is the number of model parameters and 𝑇 is observations. 𝑘 is linearly affected by 𝑝. As 

Equation 17 shows, the AIC penalizes the model as the number of parameters grows, thereby 

assisting in choosing a parsimonious model and avoiding overidentification, yet still ensuring the 

inclusion of enough lags. 

An iterative process as specified above provides the models reported below. Recall, the 

paper is scoped to include only the stock return as the responsive variable, thus the coefficients 

provided are for 𝑦𝑡 = 𝑠𝑡𝑜𝑐𝑘 𝑟𝑒𝑡𝑢𝑟𝑛𝑠 only. Table 13 reports the model specification for the VAR 

model including the change in number of tweets and Apple’s stock returns. Table 14 shows the 

VAR model derived from building the model with the sentiment scoring based on the AFINN 

lexicon and the stock returns. Finally, by examining the AIC criterion, the VAR model specification 

for the NRC lexicon with respect to verified users comes out as a 𝑉𝐴𝑅(2) model. The coefficients 

of the NRC model are reported in Appendix 1.  

Table 13: VAR model specification (stock returns and number of tweets) 

Stock returns (𝒓𝒆𝒕) & Change in Number of Tweets (∆𝒕𝒘𝒆𝒆𝒕𝒔) 

Is Verified? VAR Specification Coefficient Estimate Std Error p-value 

Yes VAR(1) Δ𝑡𝑤𝑒𝑒𝑡𝑠𝑡−1 −0.0042 0.0094 0.6590 

𝑟𝑒𝑡𝑡−1 0.0760 0.1180 0.5220 

No VAR(1) Δ𝑡𝑤𝑒𝑒𝑡𝑠𝑡−1 0.0152 0.0190 0.4260 

𝑟𝑒𝑡𝑡−1 −0.0395 0.1180 0.7400 

 

Table 14: VAR model specification (stock returns and AFINN lexicon sentiment score) 

Stock returns (𝑟𝑒𝑡) & AFINN Lexicon Sentiment Score (𝑠𝑒𝑛𝑡) 

Is Verified? VAR Specification Coefficient Estimate Std Error p-value 

Yes VAR(2) 𝑠𝑒𝑛𝑡𝑡−1 0.0206 0.0114 0.0753 

𝑠𝑒𝑛𝑡𝑡−2 −0.0261 0.0115 0.0258 

𝑟𝑒𝑡𝑡−1 −0.1098 0.1144 0.3407 

𝑟𝑒𝑡𝑡−2 −0.0166 0.1120 0.8827 

No VAR(1) 𝑠𝑒𝑛𝑡𝑡−1 −0.0133 0.0113 0.2420 

𝑟𝑒𝑡𝑡−1 −0.0751 0.1127 0.5070 
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5.5.2 Cointegration 

Recall the fact that two series are cointegrated with respect to the NRC lexicon based on 

non-verified users. According to the Granger representation theorem, systems including 

cointegrated variables can be expressed by an error correction model (ECM) (Enders, 2015). One 

way to balance the disequilibrium caused by the cointegrated variables is an extension to the 

two-step Engel & Granger cointegration test. This means I take the spread derived earlier as a 

starting point. We define the variable 𝑒𝑐𝑡 (error correction term) as  

𝑒𝑐𝑡𝑡 = 𝜀�̂� = 𝑁𝑅𝐶𝑡𝑛𝑣,𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 − �̂�0 − �̂�1𝑁𝑅𝐶𝑡𝑛𝑣,𝑡𝑟𝑢𝑠𝑡 . 

As such, the 𝑒𝑐𝑡𝑡 becomes a representation of the deviation from the equilibrium with respect 

to the cointegrated variables. However, not only is the 𝑒𝑐𝑡𝑡 added to the equations directly 

associated with the cointegrated variables, but all other equations in the system too. Primarily, 

this is done as the stationary variables may also react to the disequilibrium term, setting up a 

system of error correction models. As a result, the error correction term is added to the right-

hand side of the system, analogous to a VARX model. This ensures a more efficient model 

specification across the board. Having added the error correction term, it allows to take the first 

difference of the non-stationary variables after which the model is applied under the traditional 

assumptions but adjusting for the presence of cointegrated variables. 

By iterating over different order of VAR models, the AIC chooses a 𝑉𝐴𝑅(1) as the best 

specification – including the 𝑒𝑐𝑡𝑡 on the right-hand side. The coefficients are reported in 

Appendix 2. 

5.5.3 Model Stability 

As a final step, the stability of the specified model must be ensured. The definition of 

stability used in the paper is twofold. First, it requires no serial correlation in the error term, and 

secondly, it requires the coefficient vector (𝑨𝟏 in Equation 13) to have (modulus) Eigenvalues all 

inside the unit circle. This ensures that both predictions and impulse response functions return 

to the mean value. The error serial correlation test is a Portmanteau test – a statistic which tests 
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for the absence of ℎ serial correlated disturbances in a stable VAR (Pfaff & Stigler, 2018). Consider 

the following  

Equation 18: Portmanteau test for serial correlation in the error term 

𝑄ℎ = 𝑇∑𝑡𝑟(�̂�𝑗
′�̂�0
−1�̂�𝑗�̂�0

−1)

ℎ

𝑗=1

𝑠. 𝑡. �̂�𝑖 =
1

𝑇
∑ 𝝁�̂��̂�𝒕−𝒊

′

𝑇

𝑡=𝑖+1

. 

Above is chi-squared distributed: χ2(𝐾2(ℎ− 𝑝)). The null hypothesis states that there is an 

absence of serial correlation in the error term. Conducting the above test on all specified models 

provides p-values > 0.7 across the board, meaning we cannot reject the null hypothesis. As such, 

we conclude that there is no serial correlation in the error term. 

With the first stability condition checked, one needs to check the other condition: That all 

Eigenvalues of the coefficient matrix 𝑨𝟏 have modulus less than one, i.e. lie within the unit circle. 

Conducting such an analysis indicates that model including the number of tweets and AFINN 

lexicon, as well as both the error correction term model and the regular VAR based on the NRC 

lexicon are stable, as 

det (𝐼𝐾𝑝 − 𝑨𝑧) ≠ 0 𝑓𝑜𝑟 |𝑧| ≤ 1. 

Above is true for both models based on verified and non-verified Twitter users.  

5.6 Initial Model Performance 

To evaluate the performance of the model specifications put forth in the previous 

subsection, I examine the forecast – or prediction – of future values against the hold-out data 

(test data). This gives an idea of the precision of the specified models, laying a foundation of later 

discussion in relation to the results. By extension, such an attempt at evaluating the model 

specifications requires one to forecast values based on the aforementioned models. The 

forecasting method based on a VAR model is a recursive process, predicting values at ℎ = 1,… , 𝑛 

steps ahead. In this case, ℎ = 1,… ,5 to match the data points in the test data set. See Equation 

19 for the general VAR forecasting method (Enders, 2015). 
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Equation 19: Forecasting method based on VAR models 

𝒚𝑇+ℎ|𝑇 = 𝑨0 + 𝑨1𝒚𝑇 +⋯+ 𝑨𝑝𝒚𝑇+ℎ−𝑝 

While Enders (2015) argues that the Box-Jenkins method urges one to build a parsimonious 

model by purging insignificant parameter estimates, Sims (1980) claims no efforts to cut the 

model parameters should be taken, combating the incredible identification restrictions. Above is 

rooted in the basic idea of a VAR model: Finding interrelationships among the features. Thus, this 

forecast serves merely as an indication of model fit, before we move on to results and inference. 

Figure 15 illustrates the forecast of the variable of interest (the stock returns) by sentiment scores 

and number of tweets. 

Figure 15: Forecast of stock returns based on different features 

 

Figure 15 indicates a variety of results. On one hand, both the number of tweets and AFINN 

score point forecasts come relatively close to the actual returns. On the other hand, the 95% 

confidence interval is quite wide and includes 0. The confidence interval suggests the forecast is 

rather unreliable. The NRC scores model – especially the one concerning the model based on 
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verified users – provides a more fluctuating point forecast, though it seems more inaccurate. In 

addition, the confidence interval is huge, too. In fact, it covers 8 percentage points. Above Figure 

15 signals models with low predictive power, however, we still study inference in the following 

subsection.  

The results from Figure 15 will also carry over to the discussion later. 

5.7 Results & Inference 

Before moving on to results and inference, I define the scope as the stock returns only – 

i.e., the effects on the stock returns. Primarily, this is due to the scope of the research question. 

Having said that, this subsection is split in two: Impulse Response Functions (IRF) and Granger 

Causality, respectively. Both the former and the latter are tools to carry out statistical inference. 

I elaborate upon these concepts in the following. 

5.7.1 Impulse Response Functions 

Recall the assumptions that we took on in order to carry out a VAR: The variables all interact 

and affect each other through time and no traditional causality can be interpreted, cf. the 

discussion about endogeneity and causality. As such, I am not invested heavily in the model 

coefficients. Rather, I suggest studying the effects of structural shocks. Structural shocks are 

analyzed based on an Impulse Response Function (IRF). Also, take a moment to reexamine the 

research question. It revolves mainly around behavioral effects on Apple’s stock return measured 

via Twitter sentiments. The IRF is an important tool with regards to the above, as it takes the 

estimated coefficients and applies them in a practical manner. Consider 

Equation 20: Impulse Response Function 

𝒚𝑡 = 𝜇 +∑𝜙𝑖𝜀𝑡−1

∞

𝑖=0

 

which represents the value of the response vector 𝒚𝑡 as a function of the instantaneous impact 

multiplier 𝜙𝑖  and 𝜀𝑡−1 on which one can impose a one-unit shock. The function is applied 𝑛 steps 

ahead, in this case 𝑛 = 5. As stated above, the function is based on the coefficients estimated 

during the model specification. Naturally, these coefficients are tied to an amount of uncertainty. 
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The IRF should reflect this uncertainty. Including a confidence interval is not straight forward. In 

this paper, the confidence is computed based on bootstrapping – a Monte Carlo like simulation 

– with 100 runs. See Figure 16 for the IRFs. 

Figure 16: Impulse Response Functions. Note, only the response of the stock return is 
considered, cf. the scope of the paper 

  

 

Let’s consider the orthogonal IRF based on the number of tweets (Figure 16, top right-hand 

corner). At first glimpse, it is noticeable that it decays and dies out rapidly, no matter the users’ 

verification status. It is evident that an unexpected one percent change in the number of tweets 
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by non-verified users (the impulse) sparks a negative response in the stock return the following 

day, though the response changes to a positive reaction the subsequent day. While this is true, 

it is worth noticing that the bootstrapped 95% confidence interval band includes 0, thus we 

cannot reject the null hypothesis that the response is equal to zero. At 𝑛 = 3, the effect is 

virtually zero, and has died out. More interestingly is the response from an unexpected 

percentage change in the number of tweets posted by verified users – especially the following 

day. The IRF indicates that an unexpected increase in activity by verified users – recall that 

verified users are public figures – causes a decrease in the stock price. While the bootstrapped 

confidence interval is wide, it does not include 0. Above means that we can reject that the null is 

equal to zero at 𝑛 = 1. Nonetheless, in succeeding periods, the effect decays to zero without 

noticeable fluctuations.  

We now examine the orthogonal IRF based on the AFINN sentiment score (Figure 16, upper 

left-hand corner). Recall the AFINN score for a moment: It theoretically ranges from negative 5 

to positive 5, where negative numbers indicate negative sentiments and vice versa. 0 suggests 

neutrality. Curiously, the IRFs built on sentiments scores based on both non-verified and verified 

users suggest that a shock of one AFINN score unit is reflected in a positive manner by the stock 

return the following day; both around a half percent. The story is similar to the change in the 

number of tweets, as the bootstrapped confidence is quite wide, but it is (just) significantly 

different from zero at 𝑛 = 1.  

Intriguingly, we do see different behaviors depending on the distinctive user verification 

statuses at 𝑛 > 1. More specifically, the IRF indicates a more persistent effect from the verified 

users’ sentiments, which stays unchanged at 𝑛 = 2. While the point IRF stays unchanged, the 

95% confidence interval widens, though. This change affects the interpretation, as we can no 

longer reject the null hypothesis that the point IRF is not significantly different from zero. 

Moreover, the plot indicates that the sign actually changes at 𝑛 = 3, meaning the positive shock 

essentially causes a decrease in the stock returns at 𝑛 = 3, after which the response converges 

to 0. However, once again it must be mentioned that the confidence interval includes zero. The 

initial shock at 𝑛 = 1 from the non-verified users dies out completely. 
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With respect to the NRC lexicon, it does not seem to perform well. For a start, the 

bootstrapped confidence intervals are very wide relative to the point IRF. In fact, some ranges a 

couple of percentage points. Not only are the confidence intervals wide, but the point IRFs are 

quite small. Let me explain. Recall the time series of the NRC lexicon scores: We rarely see shocks 

much greater than 0.2, which means we seldomly see responses even close to the point IRF, as 

the IRF measures the response to a one-unit unexpected shock/impulse. Furthermore, it is clear 

that the confidence interval at 𝑛 = 1,… ,5 all include 0, meaning we cannot reject the null 

hypothesis that the responses to the individual shocks are different from 0. As a final note, the 

orthogonal IRF has been applied, as the off-diagonal elements of the error variance-covariance 

matrix Σ are not zero, which means there is a contemporaneous correlation between the 

numerous variables in the model (Mohr, 2019). The orthogonal IRF is able to catch these 

relationships. It is based on the Cholesky decomposition of the said Σ. It is implemented in R 

through the vars package. 

5.7.2 Granger Causality 

Another technique used to interpret the specified VAR models is Granger causality. Unlike 

causality in the traditional sense, Granger causality does not require exogeneity. A variable – say 

𝑦𝑡 – is said to Granger cause another variable – say 𝑧𝑡 – if the lags of 𝑦𝑡 enters the equation of 𝑧𝑡 

(Enders, 2015). Specifically, Granger causality requires the lagged values of 𝑦𝑡 and 𝑧𝑡 to predict 

𝑧𝑡 better than merely the lagged values of the variable 𝑧𝑡 itself. In its basic form, it is defined as 

𝑦
𝐺𝑟𝑎𝑛𝑔𝑒𝑟
→      𝑧. 

To test for Granger causality, we apply an F-test, i.e. a joint hypothesis test (Enders, 2015). 

Consider the coefficient matrix 𝐴𝑖𝑗(𝐿) For the variable not to Granger cause 𝑦𝑡, then 

𝑎𝑖𝑗(1) = 𝑎𝑖𝑗(2) = ⋯ = 𝑎𝑖𝑗(𝐿) = 0 

would hold. The results of the tests can be found in  Based on the above, the Granger causality 

test in terms of 𝑠𝑐𝑜𝑟𝑒𝑛𝑟𝑐
𝐺𝑟𝑎𝑛𝑔𝑒𝑟
→      𝑠𝑡𝑜𝑐𝑘 𝑟𝑒𝑡𝑢𝑟𝑛 would report unreliable statistics.  If one 

examines both Appendix 1 and 2, it is clear the NRC affections have very high p-values, indicating 

low statistical power in relation to the stock return variable. 
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Table 15. With respect to the lesser performing lexicon, the NRC, the Granger causality makes 

less sense. By definition, the test tests whether a variable Granger causes the whole system, and 

the NRC variables will often Granger cause each other as they are sourced from the same lexicon 

and due to the fact that individual tokens are often associated with multiple affections. Based on 

the above, the Granger causality test in terms of 𝑠𝑐𝑜𝑟𝑒𝑛𝑟𝑐
𝐺𝑟𝑎𝑛𝑔𝑒𝑟
→      𝑠𝑡𝑜𝑐𝑘 𝑟𝑒𝑡𝑢𝑟𝑛 would report 

unreliable statistics.  If one examines both Appendix 1 and 2, it is clear the NRC affections have 

very high p-values, indicating low statistical power in relation to the stock return variable. 

Table 15: Granger and instantaneous causality tests 

Cause Test statistic P-value 

Granger causality test. 𝐻0: No Granger causality 

𝑠𝑐𝑜𝑟𝑒𝐴𝐹𝐼𝑁𝑁,𝑣 2.7988 0.0642 

𝑠𝑐𝑜𝑟𝑒𝐴𝐹𝐼𝑁𝑁,𝑛𝑣 1.3916 0.24 

∆𝑡𝑤𝑒𝑒𝑡𝑠𝑣 0.1960 0.6586 

∆𝑡𝑤𝑒𝑒𝑡𝑠𝑛𝑣 0.6406 0.4248 

As evident, the results vary from highly insignificant to significant on the 90% level. Let’s 

turn out attention to the Granger causality test – specifically the AFINN lexicon sentiment score 

based on verified users. While we cannot reject the null hypothesis on the 95% significance level 

(despite the fact that it is borderline significant), the test implies that the coefficients included in 

the coefficient matrix 𝐴𝑖𝑗(𝐿) are jointly significantly different from zero on the 90% level. Above 

suggests that the sentiment score from public figures does enter the equation to help explain 

stock returns. Of course, the IRF presented earlier indicated a positive relation between the 

variables. The Granger causality test regarding ∆𝑡𝑤𝑒𝑒𝑡𝑠𝑣 conflicts with the IRF plot obtained 

above, on which we concluded interesting patterns at 𝑛 = 1. This may be rooted in the different 

representations of the IRF and the Granger causality, where the former is based on VMA (vector 

moving average) and the latter is derived from the VAR specification. The different 

representations may yield different inference patterns. The results are discussed further in depth 

in the following chapter, in which they are related more concisely with the research question put 

forth in the beginning of the paper.  
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Chapter 6: Discussion 

6.1 Results & Inference in Relation to Behavioral Finance Aspects 

In the opening part of the paper, I put forth behavioral concepts that challenge and combat 

the traditional asset pricing theories and theoretical stock processes. This paper operationalized 

abovementioned behavioral concepts through analyzing the tweets queried based on keywords 

related to Apple. The analysis includes sentiment scores, affections, and the change in the 

number of tweets over time. These time series are obtained for both verified and non-verified 

users. Let’s recall the grander lines of the research question: Do human fallacies such as 

behavioral finance concepts carry information with respect to the stock market price of Apple? I 

discuss this in the following based on the statistical analysis carried out in the previous chapter. 

In broad lines, much of the statistical analysis indicates discouraging results. Starting with 

the models computed from the NRC lexicon, the results generally suggest that the individual 

affections do not carry much information in relation to the stock return. Both the Granger 

causality tests and the IRF indicate statistical insignificant results. While some IRFs illustrates 

interesting patterns – for instance the verified trust score, which first increases after which it 

slowly decays – the confidence interval eats up any statistical significance on the 95% level – and 

even on the 90% level. From this analysis, the NRC lexicon does not seem to perform well. The 

reason for this may be manifold. It may be the lexicon classification of different words. It may be 

that the sarcasm correction does not correct words efficiently. The bottom line is inefficient 

performance – or that individual affections just do not Granger cause stock returns. 

However, the analysis does show some interesting results. This is true for both the 

sentiment analysis based on the AFINN lexicon and the change in tweets. We start by zooming in 

on the sentiment score in relation to the stock return, after which we look closer on the change 

in tweets. Reexamine the IRF plot with regard to the verified users’ sentiment score. As stated 

earlier, we have a lasting effect (𝑛 ≤ 2) of a shock to the VAR system. While the response at 𝑛 =

2 is only borderline significant, the result aligns itself with the behavioral aspects discussed in the 

beginning of the paper. Let me explain below.  
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Predominately, I outlined availability heuristics, authority bias, and affect heuristics. All of 

the above alter decision-making. These concepts led to the research question. The results – 

especially those derived with the IRF – are indicative of effects on stock returns based on 

abovementioned concepts. Both the IRFs – verified and non-verified, respectively – are 

suggestive of both the affect heuristic and the availability heuristic playing a role. How so? 

Consider the availability heuristic: The most recent news or sentiments color human decision-

making. The rapidly decaying IRFs are allusive of this phenomenon. A positive shock to the 

sentiment variable occurs, the market reacts the following day – for verified users the following 

day and maybe an additional day – after which it dies out completely. In terms of the affect 

heuristic, the fact that there actually occurs a response in the stock return speaks indicatively to 

affections – or sentiments – carrying information.  

The Granger causality tests conflict mildly with the findings related to the IRFs. However, 

the reasoning for this behavior can be related to the statistics. That is, the Granger causality test 

takes into account only the Granger causal relationship – 𝑠𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡
𝐺𝑟𝑎𝑛𝑔𝑒𝑟 𝑐𝑎𝑢𝑠𝑒
→           𝑠𝑡𝑜𝑐𝑘 𝑟𝑒𝑡𝑢𝑟𝑛 

– whereas the IRF takes into consideration the whole system; both lagged values of the stock 

returns and the sentiment score. As a result, the inference can vary between the two 

methodologies. With regard to the Granger causality tests, we do notice a single promising 

model: The verified users’ sentiment scores. On a 90% significance level, we observe statistical 

significance. This suggest there is a Granger causal relationship. More on this below. 

We briefly touch upon authority bias in the following. First of all, we notice that impulse 

lasts longer when measuring verified users’ sentiments. The results indicate sentiments – or 

opinions – from public figures drive decision more so than sentiments from regular people. While 

above can support the presence of authority bias, it may also relate to who is verified on Twitter. 

On Twitter, media – such as newspapers and tv stations – are verified. If such verified users bring 

news stories, good or bad, this may very well relate to Apple’s actual stock performance, which 

in turn has an effect on investors. Recall the variables are interdependent, thus are the effects of 

a given shock.  
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Speaking of verified users, we do see indications that the number of tweets (the 

operationalization of “hype”) affect the stock price too. Interestingly, a positive shock to the 

change in the number of tweets is responded by a negative return the following day. The pattern 

is not too surprising, though. Bad news sells more stories than good news, thus an increase in the 

number of tweets can be related to negative stories coming out. Nevertheless, the response of 

such an impact dies out at 𝑛 = 2, suggesting that the availability heuristic holds. While the VAR 

system provides promising results through the IRF, the Granger causality test does not indicate a 

Granger causal relationship. 

Concisely wrapping up above, there are indicative signs that support the research question, 

i.e. that lagged change in the number of tweets and Twitter sentiments have an effect on the 

stock return of Apple. By extension, this suggests support for the behavioral concepts, including 

both the heuristics and the biases. Broadening the perspective, is the above findings important? 

I argue yes. If social media posts in fact proves to be an important feature in relation to stock 

returns beyond the suggestive, it may have major repercussions. How so? Not only is it essential 

knowledge to enterprises who need to scan and handle the social media channel even tighter, 

but it is also important findings on a macro-economic level. What if Twitter sentiments can drive 

the entire market? It would leave markets vulnerable to newer threats such as cyber-attacks, 

showing the indicative results are interesting to more people than arbitrage seekers. 

To establish a further understanding of the obtained results, I discuss both the data quality 

and the methodological solidity in the subsection below. 

6.2 Data Quality & Methodological Solidity  

To put the results into perspective, one must discuss the quality of the data and the solidity 

of the methodology. More specifically, I discuss the validity and reliability of the data as well as 

the number of data points which goes into the statistical models. First of all, let’s define validity 

and reliability according to Olsen (2003). In broad lines, validity embraces the suitability of the 

data and methodology in relation to the question at hand; did I measure the variable I intended 

to measure? Reliability, on the other hand, implies time consistency. Basically, it means that the 
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methodology provides the same results today and tomorrow. The results are reproducible, that 

is. Together, validity and reliability account for the solidity of the paper. 

Starting with validity, I attempted to operationalize the concepts of behavioral finance – 

sentiments, affections, heuristics, and biases – through Twitter data. I sampled all tweets over a 

period of approximately four months based on keywords chosen beforehand. Of course, this 

decision has left out a pool of tweets, however, the number of tweets sampled should ensure a 

representative sample. Operationalizing sentiments through Twitter is a trade-off between 

quantity and quality as well as accessibility and cost. Scrapping Twitter and performing a 

sentiment analysis provides quantity and accessibility. Another methodology – a qualitative 

approach – would entail interviewing a pool of sampled representative people every day during 

a four-month span. While that would provide a panel-data like data set, that could pave the way 

for more accurate measurement of sentiments, such a methodology is both costly and very time-

consuming. As a result, the quantitative approach is the best bet to obtain a representative scale. 

Above represents the imbalance between precision and richness put forth in Chapter 3: 

Methodology. 

Naturally, the sentiment scoring methodology can be questioned. Does it really measure 

sentiments? While the lexicon methods are well documented and based on thorough research 

of individual words, it still entails an amount of uncertainty. Despite an attempt to handle both 

sarcasm and negation through various techniques, of course, uncertainty persists. However, the 

number of daily tweets – and thus the aggregate sentiment score – should iron out some of the 

uncertainty. Finally, word interpretation and sentiments are a subjective matter, thus – with 

current techniques – sentiment analyses cannot be completely objective. This uncertainty goes 

into the modeling, too. In the end, the methodology applied is state of the art, thus the data and 

methodology suit the research question to the best of my ability. I discuss further research 

considerations in a later subsection. 

Reliability. Are the results reproducible? Given the application of the same sentiment lexica 

(AFINN and NRC), the process described in Chapter 4: Deriving Sentiments from Twitter 

generates identical output – both per tweet and over time. The degree of reliability is 
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strengthened by the number of tweets included in the analysis. It is further reinforced by the 

coding-approach, as it ensures identical processing of each and every tweet. Above means that 

different human biases do not enter the equation from tweet to tweet. The absence of a stricter 

triangulation of methodologies pulls in the other direction, however. If resources had permitted, 

a supportive qualitative approach would have been an enhancing factor. 

Finally, we consider the number of observations in terms of time-frequency. Despite 

collecting Twitter data over a four-month period, the models are built on merely 80 observations 

due to stock market trading days. The question about the right amount of observations is long 

and diverse, and 80 may be on the lower side. Especially regarding the VAR model based on the 

NRC lexicon, which naturally has a high number of coefficients. However, looking at the other 

models, according to Hyndman (2018) 𝑛 > 30 should be sufficient. The lack of the number of 

observations can be a contributing factor to the poor performance of the NRC lexicon. Although 

80 is not ideal, it is the number of observations which was possible to obtain given the Twitter 

API constraints and the time frame in which the thesis is written. 

6.3 Further Research Considerations 

There is no denying that the sentiment scoring techniques through natural language 

processing are imperfect at this moment in time. Despite the abovementioned fact, the simple 

OLS based approach of vector autoregression has indicated promising results that sentiments 

alter financial decision-making. Due to the importance of such mechanisms, I strongly suggest 

further research on the area; including testing on a larger scale, scraping years of Twitter data, 

and modeling on more assets. Not only is a larger scale important, but also natural development 

within the field of natural language processing should enhance the accuracy of the sentiment 

scoring technique. More sophisticated techniques can help to provide results that are beyond 

suggestive. I leave that to future research. 

Another point of interest going forward should be a short time frequency of the data sets. 

Not shorten the number of observations but look at intraday data. The analysis conducted in the 

current paper indicates stock return responses caused by shocks to sentiments last for one or 

two days, after which it dies out completely. As a natural extension, future research should zoom 
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in on this interval, looking at hourly data within the opening hours of trading days. Do small 

impulses affect the stock price immediately and during the trading day? Analysis of hourly data 

can help answer this question. As with the more sophisticated natural language processing 

techniques, this is left for future research. 

I touched upon the greater picture earlier. Looking at the bigger picture leads to more 

questions, thus emphasizing the need for further research. Such research can include simulating 

a structural shock to sentiments based on a theoretical cyber-attack. It could ask the question as 

to whether additional monitoring on social media with regard to financial markets is needed, and 

how individual entities can combat such shocks to the Twitter sentiments. Flipping the above on 

its heads, research on the area could include deriving specific trading strategies rooted in content 

analyses as shown in this thesis. 
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Chapter 7: Conclusion 

This master thesis has researched the relationship between sentiments derived from the 

social media Twitter and the stock returns of Apple. The sentiments are derived on the basis of 

knowledge and prior research on the behavioral finance domain. Behavioral financial aspects, 

like availability heuristics, affect heuristics, and authority bias, break with the underlying 

assumptions of a wide range of financial pricing models. The specific assumptions are mainly 

investor rationality and that investors make decisions based on all available knowledge with 

respect to the specific financial asset. 

The paper at hand took on a lexicon-based content analysis of a collection of tweets queried 

via Twitter’s public API. Two lexica were applied. Furthermore, a series of correction steps were 

added. For instance, the analysis attempted to handle sarcasm and negation with the help of 

rule-based approaches. Additionally, emoticons played an important role in abovementioned 

steps. Finally, the derived sentiments were scored on a time-frequency which matches that of 

the stock return data. 

On the basis of the above content analysis, vector autoregression models are applied. The 

choice of this model is rooted in the assumption that I cannot undertake exogeneity. The vector 

autoregression model can handle interdependencies between variables as well as endogeneity. 

With respect to the research question, the statistical models and derived inference provided 

mixed results. The most encouraging results stem from both the quantitative sentiment lexicon 

AFINN and the change in the number of tweets over the period of interest.  

I found indicative results that a structural shock to the sentiment score affects the stock 

price in a positive direction the following days – especially sentiments scores computed from 

verified Twitter users. The results are in line with the behavioral aspects outline, most noticeable 

authority bias and availability heuristics. Additionally, non-verified users’ sentiment scores had a 

statistically significant effect on the first period, too. Moreover, I found suggestive results that a 

positive structural change in the number of tweets regarding Apple affects the stock price in a 

negative direction the following day. Fundamentally, I found indications that support the 

research question, however, they were mostly instantaneous effects – and suggestive.  
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On the basis of the above, I suggest further investigation on the area which takes into 

account a shorter time-frequency, for instance, hourly. Not only that, but I suggest further 

research on the field of natural language processing, too. Such research should strive to optimize 

the sentiment scoring algorithm. The above considerations can help uncover answers to the 

research question beyond the indicative. 
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Appendix 1 

Stock returns (𝒓𝒆𝒕) & NRC Lexicon Sentiment Score (𝒇𝒆𝒂𝒓, 𝒕𝒓𝒖𝒔𝒕, 𝒋𝒐𝒚, etc.) 

Is 

Verified? 

VAR Specification Coefficient Estimate Std Error p-value 

Yes VAR(2) 𝑎𝑛𝑔𝑒𝑟𝑡−1 −0.0214 0.0440 0.6756 

𝑎𝑛𝑡𝑖𝑐𝑖𝑝𝑎𝑡𝑖𝑜𝑛𝑡−1 −0.0190 0.0510 0.7104 

𝑑𝑖𝑠𝑔𝑢𝑠𝑡𝑡−1 −0.0047 0.0420 0.9107 

𝑓𝑒𝑎𝑟𝑡−1 −0.0220 0.0453 0.6298 

𝑗𝑜𝑦𝑡−1 0.0098 0.0540 0.8571 

𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑡−1 −0.0051 0.0475 0.9149 

𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑡−1 −0.0867 0.0484 0.0787 

𝑠𝑎𝑑𝑛𝑒𝑠𝑠𝑡−1 0.0411 0.0551 0.4590 

𝑠𝑢𝑟𝑝𝑟𝑖𝑠𝑒𝑡−1 0.0558 0.0469 0.2399 

𝑡𝑟𝑢𝑠𝑡𝑡−1 0.0400 0.0609 0.5138 

𝑟𝑒𝑡𝑡−1 −0.0570 0.1355 0.6756 

𝑎𝑛𝑔𝑒𝑟𝑡−2 0.0676 0.0481 0.1656 

𝑎𝑛𝑡𝑖𝑐𝑖𝑝𝑎𝑡𝑖𝑜𝑛𝑡−2 0.0032 0.0497 0.9482 

𝑑𝑖𝑠𝑔𝑢𝑠𝑡𝑡−2 0.0167 0.0392 0.6712 

𝑓𝑒𝑎𝑟𝑡−2 0.0025 0.0371 0.9467 

𝑗𝑜𝑦𝑡−2 −0.0078 0.0541 0.8855 

𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑡−2 −0.0101 0.0479 0.8335 

𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑡−2 0.0335 0.0484 0.4916 

𝑠𝑎𝑑𝑛𝑒𝑠𝑠𝑡−2 −0.0650 0.0560 0.2506 

𝑠𝑢𝑟𝑝𝑟𝑖𝑠𝑒𝑡−2 −0.0675 0.0477 0.1629 

𝑡𝑟𝑢𝑠𝑡𝑡−2 0.0917 0.0612 0.1397 

𝑟𝑒𝑡𝑡−2 0.0129 0.1316 0.9222 

𝑐𝑜𝑛𝑠𝑡 −0.0749 0.1386 0.5910 
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Appendix 2 

Stock returns (𝒓𝒆𝒕) & NRC Lexicon Sentiment Score (𝒇𝒆𝒂𝒓, 𝒕𝒓𝒖𝒔𝒕, 𝒋𝒐𝒚, etc.) 

Is 

Verified? 

VAR Specification Coefficient Estimate Std Error p-value 

No VAR(1) with ect 𝑎𝑛𝑔𝑒𝑟𝑡−1 −0.1771 0.1221 0.152 

𝑎𝑛𝑡𝑖𝑐𝑖𝑝𝑎𝑡𝑖𝑜𝑛𝑡−1 −0.0621 0.1443 0.668 

𝑑𝑖𝑠𝑔𝑢𝑠𝑡𝑡−1 0.0956 0.1227 0.439 

𝑓𝑒𝑎𝑟𝑡−1 −0.0124 0.1247 0.921 

𝑗𝑜𝑦𝑡−1 −0.0422 0.1397 0.764 

𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑡−1 0.1459 0.1272 0.256 

𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑡−1 0.0455 0.1389 0.744 

𝑠𝑎𝑑𝑛𝑒𝑠𝑠𝑡−1 −0.0361 0.1397 0.797 

𝑠𝑢𝑟𝑝𝑟𝑖𝑠𝑒𝑡−1 0.0863 0.1048 0.413 

𝑡𝑟𝑢𝑠𝑡𝑡−1 −0.0423 0.1322 0.750 

𝑟𝑒𝑡𝑡−1 −0.0358 0.1252 0.776 

𝑒𝑐𝑡𝑡 −0.0672 0.0904 0.460 

𝑐𝑜𝑛𝑠𝑡 −0.0062 0.1682 0.970 

 

 


