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Abstract 

The last decades have shown an increasing trend in the creation and collection of data, and Big Data 

is one of the new categories within this field. Big Data is, however, first valuable when it has shown 

its usability. This paper tested the usability of Big Data in trading strategies by including it in a 

prediction model. The usability was tested by measuring its ability to outperform a passive trading 

strategy and a base trading strategy. The Base trading strategy did only predict stocks on VIX data. 

The Big Data were sentiment data collected and generated from Twitter, News articles and Google 

Search Volume. The traded asset were Dow Jones Industrial index and its underlying firms. Three 

approaches were tested with the named data, by creating a 1) Index-specific sentiment, 2) Market-

general sentiment and 3) Firm-specific sentiments. A robustness check, consisting of 750 simulations 

were done for linear regression models and their respective trading strategy. The majority of trading 

strategies for the different Big Data sources exceeded the return of the Base strategies. The best 

return was generated by using News volume of the words Bullish and Bearish, which yielded an 

annual abnormal return of 15% for a Short/Long strategy after accounting for trading-cost. This study 

suggests that Big Data, in the form of sentiment, can potentially improve the yielded return, for 

prediction models of stock prices.  
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Abridgements 
AAR: Abnormal Annual Return 
ACF: Auto Correlation Factor 
ADS: Arouba-Diebold-Scotti Conditions Index 
AIC: Akaike Information Criterion 
EPU: Economic Policy Uncertainty Index 
BCI: Business Confidence Index 
BIC: Bayesian Information Criterion 
CBOE: Chicago Board Options Exchange 
CCF: Cross-Correlation Function 
CCI: Consumer Confidence Index 
CLI: Composite Leading Indicator 
DJIA: Dow Jones Industrial Average 
EMH: Efficient Market Hypothesis 
ETF: Exchange Traded Fund 
GDP: Gross Domestic Product 
GI: General Inquirer 
GICS: Global Industry Classification Standard 
HMI: High Minus Low 
IoT: Internet of Things 
IS: Investor Sentiment 
LVD: Lasswell Value Dictionary 
MAPE: Mean Absolute Percentage Error 
MDSM: Multi data source model 
NEG: Negative 
NYSE: New York Stock Exchange 
OLS: Ordinary Least Squares 
PCA: Principal component factor analysis 
POS: Positive 
SDSM: Single data source model 
SMB: Small Minus Big 
SOFNN: Self-organizing Fuzzy Neural Network 
SR: Sharpe Ratio 
SVI: Search Volume Index 
TIS: Twitter Investor Sentiment 
TRNA: Thomson Reuters News Analytical 
VAR: Vector Auto Regression 
VIX: Volatility Index 
WSJ: Wall Street Journal 
 
Firms in the Dow Jones index 
AAPL: Apple 
AXP: American Express 
BA: Boeing 
CAT Caterpillar 
CSCO: Cisco 
CVX: Chevron 
DD: Pont de Nemours and Co. (later DWDP) 
DIS: The Walt Disney Company 

DWDP: DowDuPont 
GE: General Electric 
GS: Goldman Sachs 
HD: The Home Depot 
IBM: IBM 
INTC: Intel 
JNJ: Johnson & Johnson 
JPM: JPMorgan Chase 
KO: Coca-Cola 
MCD: McDonald’s 
MMM: 3M 
MRK: Merck 
MSFT: Microsoft 
NKE: Nike 
PFE: Pfizer 
PG: Procter & Gamble 
TRV: Travelers Companies, Inc 
UNH: UnitedHealth 
UTX: United Technologies 
V: Visa 
VZ: Verizon 
WBA: Walgreens Boots Alliance 
WMT: Wal-Mart 
XOM: ExxonMobil 
 
Models: 
𝑇𝑤𝑖𝑡𝑡𝑒𝑟𝑃𝑁: With aggregated index-specific Twitter 
data consisting of positive and negative sentiment 
variables. 
𝑇𝑤𝑖𝑡𝑡𝑒𝑟𝑃𝑁 𝑁𝑜: With aggregated index-specific 
Twitter data not containing any sentiment 
variables. 
𝑁𝑒𝑤𝑠𝑃𝑁: With aggregated index-specific News 
data consisting of positive and negative sentiment 
variables. 
𝑁𝑒𝑤𝑠𝐵𝐵: With market-general News data 
containing variables of the volume of the words 
Bullish and Bearish in News. 
𝐺𝑜𝑜𝑔𝑙𝑒𝑙𝑖𝑛𝑒𝑎𝑟: With market-general Google Trends 
data consisting of 873 financial words regressed by 
a multiple linear regression. 
𝐺𝑜𝑜𝑔𝑙𝑒𝑅𝑜𝑙𝑙𝑖𝑛𝑔: With market-general Google 

Trends data consisting of 873 financial words 
regression by a rolling multiple linear regression. 
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1 Introduction 
Within financial literature, there has for years been a debate about the predictability of stock returns. One of 

the oldest most dominating theories stated that the stock market is efficient and that stock prices follow a 

random walk. When the market is efficient, it means that all available information is reflected in the stock 

prices. The prices would therefore only move if new information occurred, why the best guess of tomorrows 

price would be the price today. The degree of market efficiency depends on the information that is reflected 

in the stock prices and is affected by several conditions. Many of the underlying assumptions/conditions such 

as no trading costs and that everyone agrees on the consequences of information on current and future prices 

are not realistic in today's world. Within behavioural finance, studies have found evidence towards some 

investors being irrational and therefore, trading based on animal spirits, noise and sentiment. This irrational 

trading has been proven to make it possible to gain a positive return on financial markets. Being able to predict 

investor behaviour might, therefore, give an investor an advantage when trading. 

This study focuses on sentiment trading within this irrational behaviour. Earlier studies have already proven 

different proxies for investor sentiment (IS). The earliest studies within this field were mostly focused on 

financial proxies, but with the rise of the Big Data era, this focus has changed. Within different literature and 

companies around the world, the 21st century has been called The Big Data Era. With an increasing amount 

and variety of data generated, collected and stored every day, new proxies for IS have been found. Today it is 

no longer a question whether data from online non-financial sources can be used as sentiment proxies, but 

how to measure and analyse these proxies are still up for research. This is where this paper sees its relevance. 

As most studies focus on statistical and theoretical aspects, this paper takes a financial and practical view on 

the use of non-financial data as proxies for IS in relation to stock predictions. This led us to the main question 

and sub-questions of this paper: 

 

1.1  Research question 

Can an institutional investor earn an extra profit with Big Data proxies as investor sentiment? 

1. Why could Big Data be profitable? 

2. What does the literature say about the predictability of stock returns within behavioural finance? 

3. What does the literature say about the usability of different proxies for investor sentiment, regarding 

stock prediction? 

4. How does index-specific Twitter and News sentiment data affect the profitability of a trading strategy? 

5. How does market sentiment proxies affect a trading strategy when using such as market News and 

Google searches instead? 

6. Will an investor be better off by using sentiment proxies on a firm-individual level rather than an 

aggregated? Moreover, can a combination of data sources improve the model? 
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1.2 Delimitation 

This section will briefly present delimitations regarding this papers data, method and analysis. 

We will measure the quality of models by their yielded return but will not consider taxes and tax-deduction. 

Considering taxes would potentially generate problems for different stakeholders regarding national tax 

differences, the difference in income levels and deductibility, and taxation depending on company structure. 

The conditions mentioned above all affect the final outcome of the investments for a given investor. 

The Short/Long trading strategy has been restricted to always take a long or short position in the market after 

the very first investment. We will in this definition of the trading strategy not let it consider taking a non- 

position, and thereby cover itself from risk in uncertain periods or when its potentially favourable to locate its 

cash in bonds, for example, if the index has a 0% growth rate for a longer time. Neither will we look at the 

possibility of splitting up the invested capital into more than one position. Further, the yielded return will not 

be considering opportunity-cost, such as other investments in stocks and derivatives. 

When comparing the yielded return of the different trading strategies, it will only cover risk superficially. The 

risk parameter that is used is considering volatility and is used for calculation of SRs. Therefore, when 

comparing returns of different strategies, we will not consider 𝛽, which e.g. could be used in a Treynor Ratio, 

or Value at Risk adjustments. Neither, will we consider different factors such as the Fama-French risk factors. 

Inflation in the US has been ~2 % during the three years trading period. As with taxes, the size and therefore 

the effect the inflation can differ between investors and the individual investors, therefore, has to take this 

into account. Nevertheless, will this not be addressed further in this paper and yielded returns is hence not 

adjusted for inflation. Accounting for inflation would be needed if the returns should be compared with trading 

strategies done years ago. In this case, a return of 2% could just be a result of the inflation rate. 

This paper does not differentiate directly between the risk-averseness of the investor. A risk-averse investor 

might prefer some models that a risk-neutral do not. Which model to choose according to risk-averseness will 

not be discussed in this paper. However, as most financial theory assumes investors to be risk-averse, we will 

do the same and therefore briefly relate some findings to the preferences of a risk-averse investor. 

Also, other human factors are out of the scope of this paper. This paper mainly focuses on the positive effects 

of working with Big Data. How costly the strategies will be, in relation to working hours maintaining and 

building the strategies will not be touched in this paper, as it highly depends on the investor/ investing firm. 

This paper will in relation to this, also not dig deeper into disadvantages or elaborate on alternatives of using 

Big Data, neither in relation to investment nor changes within the company. 
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2 Theory & Litterature review 
This chapter has the purpose of understanding earlier researches and theories. The following section will start 

out explaining different theories about stock returns and predictions hereof. This part aims to understand the 

theories behind stock predictability that is a crucial part of this paper. Especially two movements within stock 

return predictability (the efficient market hypothesis and behavioural finance) will be described since these 

two disagree in whether it is possible to predict stock returns and why. The section also tries to give the reader 

an understanding of where in the history of literature, this study takes its origin. The last part of this section, 

therefore, tries to cover some of the most central literature and their findings, methodology and theories using 

sentiment data to predict stock prices or stock return. The chapter is divided into three sections, each covering 

the literature of one of the data sources that this paper will use to make return predictions later on. 

 

2.1 The Era of Big Data 

To get a better understanding of Big Data, what it is, and how can it be used, this section will cover the 

phenomenon of Big Data. 

As already mentioned, the question today is no longer whether IS influences stock market valuation, but how 

IS and its effect can be measured. We have until now only described the different IS measures used in previous 

decades. With the rise of Big Data, it is now possible to measure IS and how it affects the stock market in ways 

not possible before (See-To & Yang, 2017). This section will, therefore, describe Big Data as a phenomenon 

and how it can change not only financial trading but economic performance in general and how it affects our 

research and legitimate more research on this area. 

 Big Data 

The phenomenon of Big Data has many different definitions. According to Varian (2010), when everyone talks 

about Big Data, they are talking about data extraction and analysis and not just the data itself. Mayer-

Schönberger & Cukier (2013) characterises Big Data as: “applying math to huge quantities of data in order to 

infer probabilities” meaning that Big Data is really mostly about predictions. They also state that Big Data can 

be characterised by three movements in the way information can be analysed: More, messy and correlation. 

One of the most cited and used definitions is from a Meta report from 2001 (Ward & Barker, 2013). The 

definition suggests a three-fold definition, now mostly known as the “three Vs”: Volume, Velocity and Variety 

(Laney, 2001). Along the years, new Vs has been added but these will not be discussed here. 

2.1.1.1 Volume 

One of the differences with the rise of the Big Data era is the volume of the data. More and more data are 

generated and stored every day. By 2017 the daily amount of produced data exceeded 2.5 quintillion bytes 

per day, and now 90% of all data in the world has been generated during the last two years (Marr, 2018). 

Especially with the Internet of Things (IoT), traces that can be stored in Big Databases are produced anytime. 

The rise of the internet has had and still has a big influence on this area. From 2016 to 2017 the number of 

people who used the internet has increased by 7.5% to over 3.7 billion humans. In 2017, Google conducted 

3.607.080 searches every minute and 456.000 tweets were send every minute of the day (Hale, 2017). 

All this new data, together with improved storage and analysis tools, give firms opportunities to work with 

much larger datasets than before (McAfee & Brynjolfsson, 2012). With the ability to store and analyse much 
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more data in many cases, it is not necessary anymore to use samples (Mayer-Schönberger & Cukier, 2013). 

With samples, there is a risk of losing details that is only captured by a larger amount of data and sometimes 

all data. Using more data can give rise to more accurate predictions and findings and makes it possible to find 

connections that were not found otherwise (Mayer-Schönberger & Cukier, 2013). With the era of Big Data, it 

is now possible to use much more data, than earlier research from many years ago, which give an opportunity 

to make more accurate predictions and find effects not found before. 

2.1.1.2 Velocity 

Velocity covers the speed at which data are stored and analysed. As mentioned above, more and more data 

are collected faster than ever before. For some purposes, the speed of data creation and analysis is more 

important than volume. If firms can get close to real-time data, it allows them to make decisions and trade 

much faster, giving them the ability to be more agile than competitors (McAfee & Brynjolfsson, 2012). The 

faster data creates a better foundation for both High-frequency trading and Algorithmic trading. It is now 

possible to make faster decisions with more data and better accuracies. 

2.1.1.3 Variety 

With an increased digitalisation and datafication of today’s world, the number of different data sources is 

rapidly increasing. We do not only get more data; it also gets more varied. Length and weight are two of the 

oldest measurements. Today we are also using words, location and interaction as data (Mayer-Schönberger & 

Cukier, 2013). With IoT, even more, data sources are now existing. Also, the rise of social media has created 

new types of data. According to McAfee & Brynjolfsson (2012), many of the most important sources of Big 

Data are relatively new. For social media, the data from the different sites and platforms are only as old as the 

network itself. Social media data is categorised as unstructured data. Historically most of the data has been 

structured (organised in spreadsheets and datasets), but today is 80%-90% of all generated data is 

unstructured (Austin & Kusumoto, 2016). These new sources of data give new opportunities for capturing 

investor sentiment and attention. 

With an increasing variety of data, we get more messy data. However, the messy data often brings us closer 

to reality. By letting the data be messier, we get lower accuracies, but it also gives a broader and more 

complete insight. An increasing variety of data has also made a “Big Data world” where correlation is now 

more central than causality. It allows us to find more correlations that tell us something is happening instead 

of why it is happening (Mayer-Schönberger & Cukier, 2013). With the increased variety of different data 

sources and a lower focus on causation, we no longer need to let a hypothesis lead the research and data 

collection. By playing with the data and let it speak for itself, it is possible to find a connection that we may 

never have thought of. The difference between correlation and causality will, therefore, be discussed later on. 

 Big Data as a competitive advantage 

Much research has tried to cover the advantages and challenges of using data and especially Big Data in 

business. The general advantages and challenges are out of the scope of this project. One significant advantage 

relatable to our research is the effect on decision making since we want to make the right trading decisions. 

McAfee & Brynjolfsson (2012) found that decisions based on data tend to be better decisions. In many sectors, 

the companies who combined domain expertise and data science tend to have an advantage over their rivals. 

However, many firms, even in Big Data businesses, make most of their important decisions based on the 

person with the highest-paid opinion (HiPPO) (McAfee & Brynjolfsson, 2012). 
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Big Data is not only changing the financial sector and especially financial trading. Many different sectors are 

being restructured due to the rise of Big Data. Google searches have been used to help predicting the spread 

of flues and to compare prices on flight tickets (Mayer-Schönberger & Cukier, 2013). There is much value to 

be captured from Big Data but to be able to get a financial advantage, some issues have to been taken into 

account. Since this thesis tries to build trading strategies that give a positive profit, we also need to be aware 

of these issues. For some investors, the strategy presented might be a new procedure. To capture the Big Data 

investment companies have to be aware of developing the right metrics. It takes time and effort, often greater 

than anticipated (Bean, 2016). To continue gaining value, an investor also needs to keep being bold and 

innovative to keep up. Big Data is not rare (Lambrecht & Tucker, 2015). Today even small firms have access to 

a lot of data because of lower replication costs (Goldfarb & Tucker, 2017). As an increasing number of people 

use the internet, they leave more and more traces everywhere. It is also not inimitable since the data is not 

decreasing as it is used, and the marginal cost of production is only decreasing with better data tools 

(Lambrecht & Tucker, 2015). According to Lambrecht & Tucker (2015), Big Data is also not valuable in itself 

and not non-substitutable which is why the right people and the right algorithms are alfa omega when trying 

to get a competitive advantage. 

 

2.2 Efficient Market Hypothesis and The Random Walk 

This section will describe the rise and statement of the efficient market hypothesis (EMH), and random walk 

as these describe one way of thinking about stock price predictability. First, the theories will be described using 

Fama (1970) since this work is widely used and recognised within this area. Next, the historical context of the 

work and earlier research on these theories will be described to give an understanding of the evolution of the 

theories and the foundation of the work of Fama (1970). 

EMH by Fama (1970) is in general concerned with whether stock prices fully reflect all available information. 

If they do, the market is said to be efficient. According to Fama (1970), three market conditions affect an 

efficient adjustment of prices to information. 1) there are no transaction costs. 2) all information is available 

to everyone on the market without any cost and 3) everyone agrees on the consequences of current 

information on prices and future prices. If all three conditions are met the prices fully reflect the available 

information. In reality, these conditions are not met, but that does not mean that the market cannot be 

efficient. The conditions are “sufficient” but not necessary for a market to be efficient. Jensen (1978) uses 

almost the same definition: “A market is efficient with respect to the information set 𝜃𝑡 if it is impossible to 

make economic profits by trading on the basis of the information set 𝜃𝑡”. With economic profit meaning the 

risk-adjusted returns net of all costs. The definition of the information set has been widely tested and is often 

what differentiate the literature (Jensen, 1978). 

Fama (1970) uses three categories for market efficiency: weak, semi-strong and strong form. In the weak form, 

the available information only contains historical prices or returns. This means that knowledge of historical 

prices has no value in predictions of future stock prices. The weak form is the easiest to test and is tested with 

what is called technical research. Investors use technical analysis in an attempt to beat the market, but EMH 

under the weak form will say that it is not possible (Burton & Shah, 2013). The semi-strong form is concerned 

with whether prices fully reflect all publicly available information (Fama, 1970). This is the most common 

definition (Burton & Shah, 2013). It means that investors will get no values from studying the companies. Other 

investors have the same information and have already acted on it, so the information is already reflected in 
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the prices. This also means that the best estimate of tomorrows price is the price today (Burton & Shah, 2013). 

In the strong form, the available information includes all relevant information, both public and non-public 

information. In other words, all available information is fully reflected in prices so that no person has higher 

expected profits than any other person even though he has monopolistic access to some information that 

others do not (Fama, 1970). While there are several studies with evidence towards the weak and semi-strong 

form the strong form has a broader consensus of being false (Fama, 1970) (Burton & Shah, 2013). Therefore, 

much research focuses on the semi-strong form, and so will this paper as we use publicly available information. 

As mentioned, the weak form of EMH says that historical prices cannot be used to beat the market since 

successive price changes are independent. From here, the hypothesis of the random walk arises, adding the 

assumption that the successive changes are also identically distributed (Fama, 1970). The theory about 

random walk says that future price-levels are not more predictable than a series of cumulated random 

numbers (Fama, 1965). 

 Test of market efficiency - The joint hypothesis problem 

As already mentioned the different forms of efficiency are not equally easy to test. According to Fama (1991), 

it is only possible to test market efficiency if it is specified. This results in the Joint Hypothesis Problem, saying 

that it is almost impossible to prove EMH wrong. One cannot test EMH without creating a model for when the 

market is in equilibrium. One needs an asset-pricing model that can define what the price should be. When 

testing whether the market is efficient, the two hypotheses are therefore actually tested. Abnormal returns 

can be a result of both market inefficiency and/or a bad market equilibrium model/bad implementation of the 

model. According to Fama (1991), the literature regarding market efficiency should, therefore, be based on 

“how it improves our ability to describe the time-series and cross-section behaviour”. He, therefore, states 

that past research on market efficiency is one of the most successful and will probably continue to be so in the 

future. However, not all economists agree on that. 

 

2.3 Behavioural finance in general 

EMH has like many other theories and hypothesis met a lot of critic. Behavioural finance is an area within 

economics that disagree with the EMH. This section aims to investigate the theoretical arguments stating that 

it is possible to gain a positive abnormal return by using available information. 

Even though EMH is widely recognised, especially three areas of critics to the semi-strong form have been 

identified (Burton & Shah, 2013): 

1. Stock prices seem to be too volatile to be consistent with the EMH. 

2. Stock prices seem to have predictability patterns in historical data. 

3. There are unexplained behavioural data items that have come to be known as “anomalies”. 

Since the data used in this paper is assumed to be a proxy for IS (behavioural), this section will mainly focus on 

the last critic. Several behavioural theories about investors and their decision-making process when buying 

stocks have been trying to argue why it cannot be assumed that investors are always rational and therefore 

why EMH and the random walk is not entirely true. Since theories like EMH and the random walk was widely 

recognised, it was difficult for many finance academics to realise, there could be another truth (Thaler, 1999). 

In 1985 Thaler and De Bondt wrote an article that stated that investors’ overreaction to a long series of bad 
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News could lead to predictable mispricing of stocks. The article was one of the first of its kind and therefore 

received hard critic and was accused of containing mistakes. Fifteen years later, the assumption of a cognitive 

bias was no longer considered impossible, and many financial economists work in the field of behavioural 

finance (Thaler, 1999). The next sections describe different aspects of behavioural finance and rational 

decision making. 

 

2.4 Animal Spirit 

Even though Thaler and De Bondt came out with their paper in 1985, signs of behavioural finance go back to 

the mid-twentieth with Keynes paper from 1936. In the paper, Keynes defines animal spirit as: 

"a spontaneous urge to action rather than inaction, and not as the outcome of a weighted average of 

quantitative benefits multiplied by quantitative probabilities." (Keynes, 1978). 

Akerlof & Shiller wrote in 2009 a book around the animal spirit of Keynes. Their definition of animal spirit is a 

“restless and inconsistent element” in the economy and a non-economic motivation. In that way, animal spirit 

is like a gut feeling, confidence, fear towards the market and the economy. 

The most crucial animal spirit is, according to Akerlof & Shiller (2009) confidence. Traditional economists see 

confidence as rational, meaning that people make rational decisions based on rational predictions from 

information at hand. However, those economists seem to leave out that e.g. trust is often not rational. Trusting 

people tend to let out information or maybe process the information rationally but still act non-rationally. 

Confidence has a significant impact on the economy since people in good times tend to trust, and in bad times, 

they do not. So, in good times, they often make more spontaneously decisions. In traditional economic theory 

with rational investors, all available options and their possible outcomes are considered. However, that is 

impossible in the real world, and therefore, decisions are made more based on confidence or the lack thereof 

(Akerlof & Shiller, 2009). 

Other animal spirits are fairness, corruption & antisocial behaviour and money illusion. Finally, stories are the 

fifth animal spirit. Stories about our own but also others’ experiences are essential to human knowledge and 

memory. All human knowledge is built on stories of old experiences, and new experiences are interpreted in 

terms of the old stories (Schank & Abelson, 1995). Confidence and stories are closely related since confidence 

often built on stories. In that way confidence is not only tied to one individual; it is also affected by other 

people’s confidence and other people’s perceptions of other people’s confidence. Positive stories of people, 

such as earning money and creating business initiatives, tend to give higher confidence towards the market 

(Akerlof & Shiller, 2009). 

 

2.5 Noise trading 

A noise trader is a trader or investor who is not rational as classic economic theory assumes (Burton & Shah, 

2013). The speech of Black (1985) was a part of a movement that opened up to critics of the EMH (Burton & 

Shah, 2013) one of them was Shleifer and Summers (1990). Black's definition was: “Noise trading is trading on 

noise as if it were information” (Black, 1986, p. 531). In other words, a noise trader is not trading on 

information. According to Shleifer & Summers (1990), investors are not entirely rational meaning that their 
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sentiments and beliefs that are not completely justified by fundamental News affect their demand for risky 

assets. 

The noise is, according to Black (1986), what makes observations imperfect and what hinders from knowing 

the expected return on a stock, making it possible to trade in financial markets. Noise traders are willing to 

trade even though it rationally would be better not to. There can be two reasons for that; they think the noise 

is information or they “just like to trade” (Black, 1986). More noise trading will then lead to more liquid markets 

since more trades occur. The prices will also vary more since they now respond to both investor sentiment 

and information (Shleifer & Summers, 1990). Black did not use much time explaining the consequences of 

noise trading but states that it is still possible to have financial markets, but they will be imperfect. If noise 

traders earn higher average returns than information traders it is because they have taken on more risk than 

they think, underestimate the risk or get lucky (Shleifer & Summers, 1990). With the statement that traders 

with information will move the prices back towards their actual value, Black was still a supporter of the EMH 

and stated that all markets are efficient at least 90% of the time. His definition of an efficient market, however, 

was different than from the EMH. Black (1986) defines an efficient market as “one [market] in which price is 

within a factor of 2 of value […]”1. However, to critics of EMH, there are “limits to arbitrage” since it is not 

possible for arbitrageurs (rational traders) to take an unlimited position to offset the trades from the noise 

traders. The arbitrageurs can even go broke if the noise traders can create a bigger gap between the price and 

the value (Shleifer & Summers, 1990; Burton & Shah, 2013). Even though Black still supported EMH, he also 

thought that a model should contain both information and noise trading (Black, 1986). 

 

2.6 Rational Decisions making 

Since several of the theories and hypothesis examined above all mention the process of decision making this 

section aims to examine different processes that investors can go through when making decisions and 

especially trading decisions. In research, the effect of rationality has been a central question. According to 

Simon (1995), decisions are rational when the decision is well adapted to its goals. In other words, decisions 

are rational if they lead to action that is adapted to a goal. How well the action is adapted determines the 

degree of rationality. When a decision is irrational, it is therefore poorly adapted to the goal. 

As mentioned earlier, the EMH and other traditional economic theories assume that investors are rational and 

therefore go through rational decision-making processes. Humans have limited knowledge and computing 

power, so we never have all the relevant information or overview of the consequences of our behaviour. The 

real world is far more complex, and it is not always clear what the optimal behaviour is. As mentioned in the 

Animal sprit section social aspects such as fairness also affects the optimal behaviour (Simon, 1993). So the 

behaviour that gives the investor the maximum profit might not be optimal from aspects such as social or 

environmental. Computers and research models can help one find the optimum, but it is essential to 

remember that most models are built on the economic view of rationality by optimising the output (Simon, 

1993). Acting on sentiment is not always optimal and therefore not always rational. 

 
1 Meaning that the prices are less than twice of values but more than half of value. 
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2.7 Sentiment 

As the field of IS has expanded through the past decades, different measures and proxies for sentiment have 

been investigated and might still be far from wholly covered and understood. We will in this section shortly 

present a few earlier and notable approaches in measuring sentiment and surficially discuss them as a 

framework for the historical evolution of IS for which this paper will be an extension of. 

 Economy-wide indicators 

Many of the following proxies got increasing attention when Baker and Wurgler (2006, 2007) published several 

papers, where combining more proxies into one sentiment-index, could explain variation on the stock market 

and cross-sectional effects. 

Mutual Funds Flows. Brown, Goetzmann, Hiraki, Shiraishi and Watanabe (2002) investigated the 

relation between market sentiment and asset location for mutual funds. They found evidence of the allocation 

of mutual funds’ flows’ of risky/safe and foreign/domestic stocks could be an instrument for IS. Baker and 

Wurgler (2006) used this component in their analysis of Investor Sentiment in the Stock Market by dividing 

mutual funds flows into Generic demand and Speculative demand. 

Dividend Premium. Baker and Wurgler (2006) use a dividend premium as a proxy for safety-demand. The 

argument for this is that investors could find similarities with bonds and the cyclical cash-out in the form of 

dividends. Baker and Wurgler (2004a) found that the premium paid for dividend-paying stocks changed 

eventually and hence became a measure for IS. 

Closed-End Fund Discount. Close-end funds are owners of a group of assets which typically holds other public 

traded securities. Lee, Shleifer and Thaler (1991) investigated fluctuations in discounts of closed-end funds. 

The discount was measured as the difference between the traded value of the closed-end fund and the sum 

of the individual assets value. They found the discount as a measure for retail IS based on a correlation 

between investors pessimism and significant discounts. 

Trading Volume will rise when there is a greater difference in opinions of the value of the underlying 

asset. This is presented by Scheinkman and Xiong (2003), who found that higher shorting cost will reduce 

trading volume and specifically the volume of speculative trades. Therefore, this proxy for sentiment can be 

different depending on the cost of shorting in a specific market. Further, Antweiler and Frank (2004) found 

evidence of a relation between trading volume and return volatility. Chuang et al. (2010) found in their study 

of the Taiwan stock market, trading volume as a good proxy for irrational behaviour, hence IS. More 

specifically, they found a high trading volume in a bullish market and that bearish sentiment would encourage 

investors to trade now and then become passive afterwards.  

Share turnover does as the trading volume also indicate the liquidity in the market as it tells the ratio 

between average traded shares of a period and outstanding shares. It has been used in several studies, 

including these as a proxy for IS: Qiang and Shu-e (2009) and Hui and Li (2012). 

Volatility Index (VIX). The CBOE2 volatility index is created by the Chicago Board Option Exchange and 

calculated based on the implied volatility for stocks traded on S&P 500 Index options. Han (2008) did a study 

of the relation between market sentiment and the VIX. 

 
2 Chicago Board Options Exchange 
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IPO First day returns and IPO Volume. IPO first-day return is occasionally very high on the first trading 

day, which seems to be naturally to explain a pessimism in the market partly. Similar, it can be argued that the 

demand for IPO’s, hence increasing number of IPO’s, is an indicator of market sentiment and conditions. Both 

or either of the two components has several times been proved valuable as a proxy for IS. This has been done 

with variation, e.g. done for different domestic markets or different stock characteristic. (Brown and Cliff 

(2004), Baker and Wurgler (2006), Baker and Wurgler (2007), Kurov (2010) Yu and Yuan (2011), Changshen 

and Yongfeng (2012), Baker, Wurgler and Yuan (2012), Dash and Mahakud (2013), Hui and Li(2014) and Naik 

and Padhi (2015). 

Equity issues over Total New Issues. Another measure of market condition which has resemblance with 

IPO-measures is the relationship between debt issue and equity issue and includes all issues (not just IPO’s). 

Baker and Wurgler (2000) find that low stock market returns are foreboded by high equity share values in the 

period 1928-1997. They find no support for an efficient market explanation for the phenomena. However, 

they raise a hypothesis to explain the phenomena; The managers’ actions of issuing new equity share to be a 

derived consequence of mispricing. 

Price Earning Ratio can be an indicator of market sentiment as it has been found positively correlated 

with the market growth and declines. The ratio was in a survey-study done by Sehgal, Sood and Rajput (2009) 

found as one of the best estimates for market sentiment among is surveyors, consisting of stakeholders in the 

financial sector. Naik and Padhi (2015) found the variable of importance when investigating IS on India Stock 

exchange. 

 Non- Economy-wide indicators 

Investor surveys are one of the most direct ways to gather sentiments from the source itself. This can 

be done by asking the surveyor how they feel if they are optimistic about the stock market or worried about 

their private financials. Every month OECD publishes a Consumer Confidence Index (CCI), Business Confidence 

Index (BCI) and Composite leading indicator (CLI), all for a wide variety of countries3. Another similar data 

source is Robert Shiller's collection of investor attitudes since 1989, UBS/Gallup surveys of randomly selected 

households or Investor Intelligence data collection of Financial Newsletter writers. Brown and Cliff (2005) used 

data from Investor Intelligence to investigate changes in market returns. They found prediction power from 

the survey data for market returns in the following 1-3 years. 

Brown and Cliff (2005) found that using survey data as a proxy for sentiment, had the most considerable 

influence on return on small stocks. Further, they found a lack of relation between survey data for sentiment 

and market returns before 1977. Their hypothesis is that retail investors or non-sophisticated investors as 

other calls it had limited access to the stock market until late in the ’70s. Hence, these retail investors could 

not influence the market. This is supported by Schlarbaum, Lewellen and Lease (1978). The opposite outcome 

is found in the study of the period 1991-1996 by Barber and Odean (2000). 

Retail Investors Trade is an extension of the previous section. Kumar and Lee (2006) found co-

movements for retail investors. Hence individual investors movements on the stock market are systematically 

correlated. They, therefore, suggest that the measurement of sentiment should be done on retail investors. 

 
3 (OECD, 2019) 
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An argument for this study’s evidence of the relation between stocks that are most sensitive to sentiment 

changes also is the stock which is highly owned by retail investors.  

Investor mood has been a topic for several studies. Many emanate from the idea of schedule and 

modulate human emotions depended on external factors that can be observed. Kamstra, Kramer and Levi 

(2003) found a relation between seasons of the year and stock market returns with the hypothesis that 

investor-mood is negatively affected by autumn and winter. Consistently with more people getting depression 

when exposed to a decreasing amount of sunlight. Their findings were consistent with the patterns they found 

from the difference in the two hemispheres and different latitudes. Pyles (2009) gave further evidence of this 

hypothesis when investigating real estate’s relation to seasonal depression. 

 

2.8 Twitter Google Search Volume as a proxy for sentiment 

Twitter data has been used in several studies as a proxy for IS. However, the approach of gathering data and 

quantifying sentiment has been done differently and with variations in results. It is, therefore, interesting to 

understand and compare these differences. We have selected a handful of researches of which we have 

assigned a greater focus. These will here be presented to give an overview of earlier processes and results. 

Bollen, Mao and Zeng (2010) was one of the earliest researches using Twitter data as a source for 

sentiment and is being referenced to in many later studies. The study was based on a collection of 340,000 

tweets over a period of 9 months and had the 10th month as a testing period. The tweets included in the study 

had to express the Twitter users’ mood states by including, e.g. “I feel”. The tweets were turned into a time 

series measuring the daily sentiment by seven dimensions: Positive/negative, Calm, Alert, Sure, Vital, Kind and 

Happy. They validated the moods by comparing the time series with Real-time events such as the presidential 

election. To investigate the prediction power of the moods, they used the return on the daily DJIA index. 

Through a Granger causality analysis, the only mood they could not reject having a significant influence on 

DJIA was Calm. They found, as well, the highest granger causality relation with DJIA for lags from 2 to 6 days 

(p-value <0.05). This means that they found no significant relationship for the other six sentiments with DJIA. 

To challenge the results from the Granger causality analysis, which is based on a linear relation, the non-linear 

Self-organizing Fuzzy Neural Network (SOFNN) is used to test a combination of variables prediction power of 

DJIA. They found that when predicting the correct direction in the market, an accuracy of 73,3% can be 

obtained by using a time lag of n=1, 2 and 3 for input variables 𝐷𝐽𝐼𝐴𝑡−𝑛. The accuracy is not improved by 

including the mood Positive/Negative. The best accuracy of 86,7% is obtained by using 𝐷𝐽𝐼𝐴𝑡−𝑛 & 𝐶𝑎𝑙𝑚𝑡−𝑛. 

Further, the optimal model measured on MAPE is realised by additional adding the mood Happy. 

The conclusion from this study is that Positive/Negative sentiment adds no prediction power to a model which 

already contains lagged values of the index. Further, a non-linear model is better at describing an index than 

a linear model. 

Mao, Counts & Bollen (2011) did a study with multiple input variables to describe IS for 14 months, 

both with daily and weekly data. As the input variables to describe DJIA, they used data from surveys, News, 

Google search volumes for 26 financial terms and Twitter. The Twitter data was collected by following eight 

financial News media’s Twitter accounts and then quantify the sentiment of the tweets. The sentiment of the 

Twitter data was quantified into two variables: 1) Twitter Investor Sentiment (TIS), the ratio between the 
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number of tweets containing Bullish and tweets containing Bearish. 2) Tweet Volumes of Financial Search 

Terms (TV-FST) for 26 financial terms. They found TIS to be positively correlated with market return and 

significantly correlated in lag 1-5. For the multiple regression, they included VIX data and lagged return as 

control variables. They found that Including lagged sentiment variables could improve the Base model from 

𝐴𝑑𝑗. 𝑅2 = 0.092 to 0.20. Moreover, when predicting the direction of market changes, their four sentiment 

indicators improved the accuracy from 0.50 to 0.63. 

The conclusion from this study was that including lagged sentiment to a Base model improved prediction 

power of direction of both market return, trading volume and volatility. 

Oh and Sheng (2011) did a study of 89 days of text messages from Stocktwits.com, which is a variant 

of Twitter but with tweets only about stocks. They decided to formulate sentiment from tweets that involved 

exactly one ticker code of 1909 defined firms. In this process, they found that the 10% most tweeted ticker 

codes represented 70% of the collected tweets. Further, they found that the volume of ticker-tweets was 

strongly represented during trading hours and poorly represented during holidays. They manually classified 

10% of the tweets into either Bullish, Neutral or Bearish, while the remaining 90% were classified automatically 

by aggregating the net number of negative(bearish) and positive(bullish) words. The sentiment variables were 

then calculated as the logistic ration between bullish and bearish tweets for each day and each firm. For the 

prediction, they included the DJIA index for the past five days as a controlling factor. They found that the 

generated sentiment index significantly positively influenced the prediction model. Adding the past five days 

sentiment, further increased the prediction model. Additionally, they found a bearish sentiment to have higher 

predictive value and to get more attention than bullish sentiment. The hypothesis that bullish tweets are 

heavily influenced by wishful thinking and therefore reducing its predictive accuracy. 

This study concluded that manual sentiment classification of tweets performed greater than automatic 

classification and sentiment contained information to improve a prediction model. 

Oliveira, Cortez and Areal (2013) investigated the relation between Twitter data and stock return for 

a timeframe of 32 days with daily data. One aspect of the study was to find the optimal way to quantify 

sentiment from these tweets. The Twitter data was collected from tweets containing nine large US technology 

firms’ cashtags (i.e. $ANZN). With seven different lexicons, they classified the sentiment of each tweet and 

formulated to groups of variables: 1) aggregating all positive and negative classified words for all tweets on a 

given day, which gave a score influenced by the volume of tweets (gives two variables: No.Word.Pos, 

No.Word.Neg). 2) Classifying each tweet as either positive, neutral or negative depending on the distribution 

of negative and positive word classifications, and then aggregating the three classifications (gives three 

variables). This approach let the first two variables describe the power of positive or negative tweets, while 

the second described the distribution spread of positive and negative. As a control variable for their OLS4 

regression, they formulated a Base model which consisted of only control variables which were previous days’ 

market value. They found that both variable groups (1) and (2) could greatly improve the Base models’ 

predicting power for both market return, trading volume and volatility when measuring 𝑅2. However, the 

study newer did an out of sample test. 

 
4 Ordinary Least Squares 
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This study concluded that a large variation in the quality of the prediction power from Twitter data depended 

on the lexicons’ classifications used for quantification of sentiment. Nevertheless, 𝑅2 of the prediction models 

were in some cases greatly improved when including Twitter data. 

Oliveira, Cortez and Areal (2014) did, in extension to their study in 2013 about Twitter data, this study 

with StockTwits data. As mentioned before, StockTwits is a variant of Twitter with the restrictions to tweets 

only being related to stocks. The purpose of using StockTwits is naturally to minimalise noise in the data. The 

focus of their study was to focus on the correct classification of sentiment rather than the sentiments 

prediction power. They analysed the text messages with several sentiment lexicons and classified a tweet as 

Bullish, Neutral or Bearish depending on the aggregate net number of positive/negative classified words. They 

found that some words such as “explosive” and “underestimate” is generally negatively related but specific in 

the context of stocks it is generally bullish and hence challenging to classify correctly. 

The conclusion from this study is an acknowledgement of the difficulty of classifying sentiment from tweets 

and partly inconsistently result depending on the lexica. Further, they found continuous sentiment scores for 

tweets instead of sentiment labels to be better when predicting stocks.  

See-To and Yang (2017) did a study of 120 trading days in 2015 with two types of tweets: 1) Tweets 

containing cashtag for the 30 companies in DJIA and 2) Tweets containing cashsign for any stock ticker in NYSE 

or NASDAQ and the words “Bullish” or “Bearish”. The second type of data served as the training corpus. After 

applying semantic modifications, they identified the most influential words for both bullish and bearish tweets 

in the training set. To obtain a sentiment, they use the Naive Bayes classifier and apply it to the testing set. 

Further, they formulate dispersion as a potential valuable sentiment variable. They test for a linear relation 

with pooled OLS and a non-linear relation with Support Vector Regression. They include control variables 

Return and Volatility with 1-5 days lag. 

The study concluded that they find dispersion to increase the same day volatility and a mean reverse the 

following days. However, Dispersion did not add much information about the market return. 

 

2.9 News and text analyses as a proxy for sentiment 

There are many examples of researches of News as a proxy for IS. A few studies have been chosen to take a 

closer look at. The purpose of the different studies is generally the same. However, the approach is different. 

The two essential differences lie in 1) the data source and afterwards 2) the quantification of sentiment. News 

as a concept is broadly defined, and we will therefore not restrain and distinguish between studies of News 

from stock message boards, tabloid News or any other kind of News. The following will present the selected 

researches to present previous results and methods. 

Tetlock (2007) did one of the first researches in which there were found evidence that News media 

content could predict movements in the stock market and has therefore also been the shared reference point 

for many subsequent studies. The data used for measuring News were collected from the Wall Street Journal 

(WSJ) column. In the column, reporters explained what happened on the stock market the previous day, and 
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analysts explained why it happened5. The articles were collected over 16 years from 1984-1999 with daily data 

points to predict the return for DJIA. The sentiment of each article was extracted with GI6 , which counts the 

number of words in 77 predetermined categories. By a principal component factor analysis (PCA), the 77 

categories are compressed into one variable which captures the maximum variance. To test if the approach 

was valid over a relatively long period, Tetlock (2007) tested the correlation between the individual PCA factors 

for each year and found them to be highly correlated and hence the PCA process was valid regarding the wide 

time frame. The first PCA factor, later named the Pessimism factor, is primarily driven by 4 of the 77 GI 

categories: Negative, Weak, Fail and Fall. 

With OLS regressions of the different components, Tetlock (2007) finds the Pessimism Factor to predict 

negative return the following day, however with a reversal in the following four trading days. Regarding trading 

volume, it was found that increasing pessimism predicts increasing trading volume, which is interpreted by 

Tetlock (2007) as a disagreement between noise traders and rational traders. Finally, a trading strategy is 

formulated, and when only including a Negative variable (of all 77) variables, a yearly excess return of 7.3% is 

gained. 

Das & Chen (2007) did a study where they collected board messages from Yahoo and from this 

estimated IS. They took a holdout sample, classified the board messages and used the classifications to train 

algorithms that could later classify the main dataset. For classification of the main dataset, they used five 

different statistical algorithms. The purpose of using five different classification algorithms was to information-

optimise by using the strength of each algorithm. The algorithms then voted for the classification of the 

message to be either Bullish, Bearish or Neutral. When forming the IS by aggregating the number of bullish, 

bearish and neutral classified messages and tested the accuracy of the model, they decided to test their “own 

accuracy”. This was done by letting a new and unbiased person reclassifying the holdout data. From this, they 

found an ambiguity coefficient (disagreement between first and second manually classification), in 27.5% of 

the manually classified messages. It raised the attention to messages that are hard to classify for both human 

and algorithms.  

They used the knowledge from this study in a case study of 24 tech-sector stocks and their message boards 

for a period of two months. They investigated the relationship between IS for both the index and the individual 

stocks in the index and found the relationship to be most influential for a combined index.  

Uhl (2014) collected data from 3.6 million Reuters News articles for a seven-year period. Every single 

News article was coded with a sentiment indicator of either -1, 0 or 1. A monthly variable was constructed for 

both positive and negative classified News. The modulation of the data was done with a Vector Auto 

Regression model where the Base model only included some control variables and the extended model adds 

a sentiment component. Uhl (2014) found fulfilling information for some of the components up to lag three 

and therefore included these in the model. A time lag of three is relatively long when considering the time 

interval to be monthly as the sentiment three months ago then should affect investments today. They tested 

the influence of both positive and negative sentiment and found negative sentiment to have the most 

significant influence. They applied their findings to an out-of-sample trading strategy and found it to 

outperform a Buy and hold strategy with 34% for a one-year period, under optimal conditions. The conclusion 

 
5 It should be noted, that even though the news and analysis was published the day after the event, they were written 
on the day of the event, t. 
6 General Inquirer from Harvard IV-4 Psychosocial dictionary, Harvard University  
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of the study was, that monthly News as a proxy for sentiment could add valuable information when predicting 

market return. 

Borovkova & Lammers (2018) did a cross-section analyses of 11 industries to see whether they could 

find a relation between price changes and IS for a twelve-year period. The proxy for the sentiment was 

collected from Thomson Reuters News Analytical engine (TRNA). TRNA’s output is a sentiment calculated with 

language processing algorithms of all News reaching Thomson Reuters Newswire where sentiment is assigned 

to either a company or a commodity. From the data, they observed that the financial sector was clearly the 

sector with the most News. 

They calculate the stock-specific sentiment by aggregating the News on a weekly basis and weighted each 

News with its particular relevance and novelty. They then form a sentiment for each sector by weighted each 

sector-firm with their market cap. From this sector sentiment, they calculate 1) the net positive sentiment and 

2) the abnormal sentiment, where the normality is the last five years moving median. For the regression model, 

an OLS model was used with SMB7 and HML8 for the specific sector as control variables, while the sentiment 

was implemented by the first-order difference of abnormal sentiment. They find a cross-sectional difference 

with the regression power of sentiment. E.g. there is more information stored in the sentiment component 

for the financial sector relative to the tech sector.  

They formulated a trading strategy from the knowledge of the study and benchmarked it against two market-

value based strategies and found the sentiment model to outperform them. The trading model was regressed 

with a logistic model on the basis of a rolling window and yielded a yearly return of ~6% depending on 

specification and restrictions to the model. The return was outperforming a passive Buy & Hold strategy with 

~2%. 

Chen, Fengler, Liu & Hârdle (2018) did a study where they let NASDAQ News articles and machine 

learning methods be the foundation for a sentiment trading model. They classified the sentiment based on 

the Loughran and McDonald (2011) lexicon, which is specialised to financial sentiment. The data was collected 

for a four-year period and contained articles from professional reporters and analysts. The collected articles 

had to mention at least one firm from the S&P100. Interestingly, 94% of all articles were posted on trading 

days, 50% in trading hours and 20% just before market opening. 

For their prediction model, they created a Base model based on option characteristics and found improvement 

in the model when adding sentiment as a component. Further, they found sentiment disagreement to be 

related to higher volatility in the stock price and therefore, a positive risk premium. Hence, investors demand 

an additional premium to the market risk/return. The study also investigated the difference in prediction 

power for News published in trading hours and overnight hours. They found overnight information to make 

better predictions and explain it by its character of being more fundamental than the strategic articles that are 

published during trading hours. 

 

 
7 Small minus big 
8 High minus low 
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2.10 Google Search Volume as a proxy for sentiment 

Of the three data fields we have selected as proxies for IS, Google Search Volume is both the least and newest 

researched area. Google Search Volume Index (SVI) was originally publicly available data under the name 

Google Insights for Search, but is now collected from Google Trends, and has data available back to 2004. One 

advantage of SVI data is its easy and free accessibility. We have selected a few studies of which we have 

assigned an extra focus and will here present those. 

Da, Engelberg and Gao (2013) did one of the first researches of SVI and stock market prediction. Their 

research has been the foundation for many later studies within the same field. It is the hypothesis that search 

volumes are a measure of households’ behaviour. They selected 149 words from Harvard IV-4 Dictionary, 

which was classified as economic words and which sentiment was classified as either Positive or Negative. For 

each word, they additionally collected 10 of Google Trends recommended alternative searches, which added 

1490 words to the remaining 149 words. Afterwards, they removed duplicates, words with lack of data and 

not economic-related words and ended up with 118 words. The data was collected for the US searches with 

daily data from 2004-2011 and measured as the first order log difference. 

When investigating the difference of positive and negative words, they only found words negatively related to 

stock return to be significant and therefore discarded the positive related words from the regression. 

Interestingly, a word such as gold is classified as positive by the dictionary but is negatively related to the 

market return. They calculate sentiment with the use of a backward rolling regression where only the 30 most 

negative words in a t-statistic measure, are included in a sentiment variable. Therefore, the words which were 

included in the sentiment variable could change. The most significant negative related words were different 

terms of the words Gold, Recession and Depression. As a control variable, they included Economic policy 

Uncertainty, VIX, Change in ADS9, Business condition index and lag 1-5 of the market return. When testing 

lagged returns for the same control and sentiment component, they find a mean reversal for the sentiment 

component. Hence, the market return has almost recovered in two days after the initial negative effect of the 

sentiment component. One of the conclusions from the study is an increment in negative sentiment today, is 

correlated with low returns today but predict high returns tomorrow. Further, they found evidence of noise 

trading to be related to an increment in negative sentiment as mutual funds responded to increasing negative 

sentiment by moving investments from equity to bonds. Another related conclusion was negative sentiments 

high correlation with stock volatility. 

Mao et al. (2011) did in their study both investigate SVI and Twitter weekly data’s relation to DJIA, VIX 

and Trading Volume. Regarding the SVI part of their study, they collected data for 26 search terms of which 

the most were variations of DJIA, News and Stocks. From their correlation analysis, they found search terms 

to be relatively strongly positively correlated10 with VIX and Trading Volume, while quite strongly negatively 

related to DJIA11. They did an investigation of whether financial values lead to changes in SVI or reversed. This 

was done by looking at the correlations with lag [-10:10]. They found SVI to lead Financial values with a 

correlation of ~0.60 from lag 0-10. On the other hand, they found Gold to strongly lead changes in SVI than 

SVI leading to Gold changes. Generally, when looking at DJIA, Gold, VIX and Trading Volume, there were 

correlation coefficients of [0.40: -0.85] in lag [-5:5]. Hence, it is indicated that SVI and financial values affect 

 
9 Aruoba-Diebold-Scotti 
10 Top 10 correlations range from 0.49 to 0.88 
11 Top 10 correlations range from -0.34 to -0.76 
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each other. To test the Sentiment variables’ prediction power, they measured it against a Base model which 

included 20 lags of the financial indicators (DJIA, VIX and trading volume). They found that including sentiment 

to the Base model would improve both accuracy of direction (up or down) and the error term. Of the three 

financial indicators, sentiment improved the prediction model the most for DJIA and VIX. 

Preis, Moat and Stanley (2013) did a study where they analysed the prediction power of search terms 

by making a fictive trading strategy based on the abnormal difference of SVI. The trading strategy would be 

based on a model only using one word. The quality as a sentiment measure of the individual word would be 

ranked by the return it could yield in the fictive trading strategy. Under this measure, the best positive words 

were debt, colour, stocks, restaurants while the best negative words were ring, environment and fun. It can be 

discussed whether search terms such as ring and colour should be able to generate a positive trading strategy. 

One of their findings in the study was US SVI data to be better than global SVI data. 

Challet and Ayed (2014) did a follow-up study with a critical approach to some earlier studies what 

used SVI, including Da, Engelberg and Gao (2013) and Preis, Moat and Stanly (2013). They criticised several 

aspects of the approach and method from earlier studies. 

One critique was the choice of keywords, where they challenged the results obtained by Preis et al. (2013). 

Challet and Ayed (2014) created three lists of 100 words from different non-financial related categories: 1) 

Ailments, 2) Classic cars and 3) Classic arcade games. From this list, they found words with both better positive 

and negative t-statistic than Preis et al. (2013) did with financial words. Further, they argued that using words 

suggested by Google Trends as related to the original search term could be misleading. Firstly, the words 

Google Trends suggests are based on what is related today, and not what was related in the estimation period 

four years ago. Secondly, they argue that the problem is equally relevant when looking forward. If we want to 

predict the future and use the model in the future as well, one needs future rather than current related search 

terms, which however is hard to obtain. 

Another criticised aspect is the quality of Google Trends’ data. According to them, the SVI data was not reliable 

until 2008, and all following data has an inexactitude of about 5%. This is a problem, especially if the daily 

search volume changes are not substantial. 

They concluded that Google Trends’ data store information, but is not any miraculous data. They found Google 

Trends to have similarities with lagged return data, but with less prediction power. They suggested testing 

data from Twitter or Wikipedia. 

 

2.11 Part conclusion 

From the literature about the EMH and the random walk, it is not possible to predict stock returns/prices 

because of the assumption that investors are rational and the market is efficient. Especially within behavioural 

finance, studies have shown that investors are not always rational. Investors do not always trade based on 

information but also on noise, animal spirits, sentiment etc. This irrational trading makes it possible to gain a 

profit. Noise traders will drive the price away from the assets’ true value while the information traders then 

slowly will take on positions that contradict the effect of the noise traders. Being able to predict the influence 

from noise/sentiment traders might, therefore, make it possible for an investor to gain a profit before the full 

effect of the information traders kicks in. The contradiction from the information traders might explain the 
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“mean reversal” found in earlier studies, including sentiment. Different proxies for sentiment have in earlier 

research been studied. Especially financial proxies have been the focus for previous studies where proxies such 

as Google searches and Tweets are now researched. Earlier the proxies themselves have been object for 

analysis, but as many of them are now recognised as possible proxies, the analysis and measure methods are 

now up for further research. 
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3 Data 
The following chapter will go through all the data sources and data used in the analysis later on. The section is 

divided into five sections, each covering one data source, a description of the data, how the data is collected, 

and how it is transformed to fit its purpose. 

 

3.1 Trading variable 

As our dependent variable, we have selected to work with the Dow Jones Industrial Average, which we will 

shorten to DJIA in the rest of this paper. The index is one of the oldest recorded indexes as it was launched in 

1987 and according to McGraw Hill Financial (n.d.), have an excellent reputation, attract a large number of 

investors and demonstrate sustainable growth12. The index is a price-weighted measure of 30 U.S. blue-chip 

Companies and covers all industries except transportation and utilities13. The Sector breakdown can be seen 

below in Figure 1. The following sections will elaborate on the use of DJIA. 

 

Figure 1: Source: (DJIA: Factsheet, 2019) 

 Dow Jones Industrial Average 

The price-weighted measure means that the stock with the largest Market Cap is not necessarily the stock 

with the highest weight in the index. Therefore, even though Apple (Market Cap - $805B) and Microsoft 

(Market Cap - $820B) is several times more valuable than Boeing($231B)14, they only weight 5.5% and 2.85% 

respectively which is less than Boing that weights 11% in the index. All weights can be seen below in Table 1. 

 
12 (McGraw Hill Financial, 2019) 
13 (DJIA, 2019) 
14 Market Cap of 15-02-2019 by Bloomberg.com. 
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Table 1: Stocks weight of DJIA. Values are based on the stock price from the 20.02.2019 (Own creation) 

The development of the index for the testing period can be seen below in Figure 2. For the three-year period, 

it has experienced a growth of 37.1% which is a high growth compared to S&P500 and Russel 3000 which 

respectively have had a growth of 25.9%15 and 25.1%16 for the same period. However, it can be noticed that 

the index has experienced a decline from the beginning of 2018. Specifically, there has been a decline of 12.4% 

from 26.01.2018 to the end of the testing period. Having this pattern could potentially add valuable 

information to the analysis as 2/3 of the period is experiencing relatively large growth while the last 1/3 period 

experiences negative growth. Therefore, it will be interesting to see where the trading strategy earns its return, 

and more specifically, if it can generate returns in the period where a buy and hold strategy would not. 

The trading volume has been fluctuating but generally increased during the testing period. Large spikes in the 

trading volume would generally be associated with larger volatility. 

 

Figure 2: DJIA historical development from 2016-2019 (Own creation) 

Other statistical characteristics can be seen in Table 2. It is worth noticing that the return from one day to 

another at maximum changes +/- 5%. There is a gap of approximately 9,000 from the highest to the lowest 

recorded price during the trading period. 

 
15 From 1,985.32 to 2,498.94  
16 From 1,171.29 to 1,464.68  
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Table 2: Descriptive statistics for DJIA from 2016-2019 (Own creation) 

Table 3 lists some characteristics for the DJIA divided into three segments representing each year. From the 

table, we can see that the year 2017 was the year with the highest growth and the least volatility. In a year as 

2017 with low volatility and stable growth, it will be difficult for an active trading strategy to outperform a 

passive Buy and hold strategy. In 2018 DJIA has the highest volatility but also the only year with a negative 

return. An active long trading strategy would automatically outperform a passive buy and hold strategy by 

simply staying out of the market. However, it would be challenging to yield a positive return. A trading strategy 

with the possibility to take short positions would, on the other hand, have excellent conditions to outperform 

the DJIA market in the year 2018. 2016 looks to be a good year for an active strategy to outperform a passive 

Buy&Hold strategy. 

 

Table 3: Descriptive statistics for DJIA segmented into years (Own creation) 

 Return 

Figure 3 plots the daily return of DJIA. The time series looks stationary, however, with an increase in the 

volatility in the last year of the period. Nevertheless, we find the time-series to be appropriate for regression 

purposes and adds no further transformation. 

 

Figure 3: Plot of daily return for DJIA 2016-2018 (Own creation) 

DJIA Price DJIA Return

Trading Days 746      746      

Annual Volatility 3,100    12.51%

Return 37.1% -

Start value 16,888   -

End value 23,154   -

Maksimum 26,833   3.47%

Minimum 15,692   -5.07%

2016 2017 2018

Return 17.4% 25.0% -6.7%

Annual Return Volatillity 11.7% 5.9% 17.3%

Return Maks 2.2% 1.2% 3.5%

Return Min -3.4% -1.5% -5.1%
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DJIA is not the only available index to use. We could have created a new index, used a non-US index or used 

broader indexes such as S&P100, S&P500 or Russel5000. However, we decided to use DJIA based on several 

arguments. 

- The data is easily available, trusted and even have its own VIX index. 

- Some studies mention that they get better results when using data of describing variables collected in 

the US (Preis et al. 2013), and hence, a US index would be a natural choice. 

- Creating an index would increase the probability of creating an index not containing suitable firms. 

- DJIA is the by far the most used index in different types of sentiment studies, including the sentiment 

proxies of Twitter, Google Search Volume and News. Therefore, by selecting DJIA, it is easier to 

benchmark our results against previous studies. 

 Transformation and collecting process of the data 

The DJIA index data is collected from a Bloomberg Terminal. The daily return is calculated as the daily log 

difference of the opening price, or formulated as: 

 

The data provided by Bloomberg is not flawless; small modifications have therefore been added. In a review 

of the time series, we found several days where the opening value was equivalent to the previous day. These 

days have, therefore, been excluded from the time series. 

There have in the history of DJIA been many substituted firms. The last and only substitution in our trading 

period was General Electric (GE) replaced by Walgreens Boots Alliance (WBA) on the 27.06.2018. Therefore, 

when aggregating our sentiment values, GE will be included from 01.01.2016-27.06.2018 and then replaced 

by the data collected from WBA from the 27.06.2018-31.12.2018. 

The individual stocks’ weight in DJIA is presented in section 3.1.1 is presented as a static picture at a point in 

time, well-knowing it is a dynamic measure, changing every day. 

 

3.2 Control variable 

There are arguments for and against including control variables in our models of which we want to test for IS. 

On one hand, we want an as pure and simple model as possible, where sentiment is the only factor to describe 

market changes. On the other hand, we want the output of the model to be meaningful. Therefore, we argue 

that including control variables gives the best platform for investigating the quality of sentiment when 

predicting market changes. The argument is, that when we use unconventional measures conflicting with 

EMH, we need to include market financial measures that are consistent with EMH. Hereby, we can compare 

two models where the first represents classic finance, and the second adds behavioural finance. It is the 

control variable’s task to cover the explainable economic variation in the market and hence leave information 

to be explained, similar to the statistical white noise17. 

 
17 Well knowing that simple and few control variables can’t explain all explainable variation and hence only leave with 
noise. However, we think the purpose and aim is similar as when striving for white noise. 
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We will, in the following sections, briefly present the selected control variable. 

 Volatility Index18 

The volatility index (VIX) data is published by Chicago Board Options Exchange (CBOE) which were the first to 

track market volatility, and have done so since 1993. Since 2003 the data has been calculated by measuring 

expected volatility based on the S&P500 index and thereby, it is a trusted benchmark for the U.S. stock market. 

An increment in VIX is interpreted as an increment in market uncertainty. The index is also related to 

macroeconomic and political factors. Studies to point out that use VIX as a control variable is Da, Engelberg 

and Gao (2013), See-To and Yang (2016), Mao et al. (2011) and Chen et al. (2018)19.  

The data is published by CBOE and was collected from the Federal Reserve Bank of St. Luis (FRED)20. The data 

was collected as an index, with daily observation and non-seasonal adjustment.  

We have also got VIX data specifically for DJIA. A comparison of the two volatility indexes can be seen below 

in Figure 4. As expected, the two volatility indexes are very similar as they follow the same pattern. 

 

Figure 4: Comparison of the VIX and VIX DJIA from 2016 to 2018 (Own creation) 

The difference between the two sets of time series is hard to distinguish when plotted. However, when looking 

at the statistical characteristics in Table 4, the difference is more significant as the ordinary VIX is more volatile. 

We decided to use the regular VIX rather than the VIX DJIA, as it is the most accessible, documented and used 

data source of the two. Further, using a general volatility index rather than a specific has two advantages 1) 

the results and methodology used in this paper will not hinder one from executing the analysis on other stock 

markets that do not have their own volatility index, and 2) the index captures a broader financial market 

condition (which is the purpose of including the variables) since it is based on 500 firms and not only 30. 

 
18 (CBOE, 2019) The data is collected from FRED. 
19 For description of studies, see chapter 2. 
20 VIX: (Chicago Board Options Exchange, 2018a), VIX DJIA: (Chicago Board Options Exchange, 2018b). 
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Table 4: Descriptive statistics of the VIX variables (Own creation) 

After the Index was published, it quickly got acknowledged as a component to describe information about 

investors’ expectations for the future. In our literature review, we found that most studies that included a 

control variable in their models had VIX or a similar volatility index included as a natural choice. However, the 

utility of using VIX for a trading purpose should low due to its popularity among investors. To summarise our 

arguments for using the data: 

- Volatility is a well-accepted component when predicting market movements, as also mentioned in the 

literature review 

- VIX is the most used measure for market volatility 

- VIX is easily obtainable 

- The data is related to macroeconomic activity and monetary policy 

 

3.3 Twitter 

In this section, we will present the Twitter data. However, in this case, we had access to two valid data sources. 

Nevertheless, we could not determine which would be the better one without collecting, transforming and 

analysing both data sets. We will, therefore, present both data series to give an insight into our conclusion for 

which dataset to use. 

Twitter is a micro-blogging platform launched in 2005 and has since then rapidly grew in popularity. Initially, a 

tweet was restricted to no more than 140 characters, but in September 2017 the restriction was doubled to 

280. For the past three years, there has been tweeted 500 million tweets daily corresponding to more than 

5.000 per second21. For a timeframe of three years, collecting all tweets would sum to a total of 5.5 billion 

tweets. Some facts about the users are that 20% is located in the US22 and that ¼ of all American adults use 

Twitter, slightly skewed to educated and higher-income adults in the US (Smith & Anderson, 2018). 

Data from microblogs has previous been showed to be predictive. Twitter has in recent years been the most 

popular microblog platform, and both the Hashtag and Cashtag has been integrated as a bridge between 

investing and opinion sharing. We have decided to work with Twitter data collected from Bloomberg rather 

than SentiOne, which were our available sources. We find the data more trustworthy based on an assessment 

of the presented data. In the process of working with the SentiOne data, there was suspicious missing data 

and many days with no observations. 

 SentiOne 

There are two solutions for collecting historical Twitter data. 1) apply for a Twitter API Developer license. With 

the license, one can collect data based on characteristics such as specific terms, hashtags or tweets from 

 
21 (Twitter, 2019) 
22 (Twitter. Inc, 2018) 
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specific accounts. However, it is only possible to collect data generated in the past seven days and even shorter 

if it is a popular topic. Using this data method would, therefore, lead to a very short testing period. A 

workaround with this is therefore 2) to use a service platform that has collected data from Twitter for a longer 

timeframe. Via Copenhagen Business School we got a license to SentiOne23 that have collected public and 

social media data, including Twitter data since 2016. Therefore, the service SentiOne provides millions of 

tweets and with related information as to whether it was a retweet, who tweeted it, in which language, at 

what time and other similar information and in addition to the describing information, adds a score for 

Sentiment and influence24. 

The sentiment score is based on an algorithm which uses the analysis tool PANAS25. The sentiment score range 

from -30 to 30, where 0 is neutral. 

The influence score is based on two things: 1) how likely it is for the tweet to be seen, and 2) how many times 

a tweet has been viewed, shared or retweeted. The score ranges from 1 to 10. 

Twitter users use a Cash-sign ($) when they want to tag their tweets content to be regarding a specific firm. It 

is similar to the more well-known Hashtag. The difference is that the ‘#’ is substituted with ‘$’ followed by the 

firm’s ticker-code, and the tweet is regarding an investment perspective. For example, if one had an opinion 

on movements in the tech industry, one would in the tweet include relevant firms’ cashtag, like: $IBM, $MSFT, 

$AAPL. 

SentiOne does not tag tweets with a ticker code or a firm. They provide a service where one can search for a 

combination of characters and collect tweets containing that specific combination. Therefore, it is expected 

that searching for ticker codes could be affected by a lot of noise. Two examples of types of issues or problems 

were: 

1) Common word. E.g. Caterpillar Inc. with the ticker-code CAT. The problem is that the ticker-code shares its 

name with the animal cat. 

2) The ticker-code could be part of other words. E.g. Verizon’s ticker-code V, which is, in this case, is just a 

letter that is included in an endless number of words. 

The stated issues can, in some cases, be handled. One effective way of handling the problem is using the Cash-

sign. However, we cannot include cash-signs when filtering for data through SentiOne. Therefore, we have to 

download all tweets which potentially contains the cash-sign in a combination with the specific firms’ ticker-

code. Unfortunately, some datasets we too large for Excel to handle and some were damaged and therefore 

were not available for an applied cash-sign filter. This was the case for six firms26. Table 5 shows the aggregated 

results after filtering all tweets for a cashtag for each of DJIA’s 31 firms27. We can see that filtering for cashtags 

removed a lot of the data we suspected being noise. 

 
23 (Sentione, 2019a) 
24 (Sentione, 2019b) 
25 PANAS - Positive and Negative Affect Schedule. Based on 10 positive and 10 negative statements.  
26 The six ticker-codes we could not collect cash-signs for was CAT, KO, DWDP, XOM, GS and HD. 
27 The distribution for each firm can be seen in Appendix 1. 
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Table 5: Aggregated number of tweets before and after filtering for relevant cashtag. Total Tweets# is the number of tweets collected from SentiOne 

and Final Tweets# is the number of tweets after filtering for relevant cashtag (Own creation) 

 Bloomberg 

Bloomberg integrated Twitter feeds into their platform in 2013. Initially, the intention was to let investors see 

when a specific firm was trending on Twitter. Bloomberg expanded the feature to let investors know whether 

the attention was positive, negative or neutral. The specification for how the sentiment is calculated is similar 

to the Bloomberg News sentiment. For each firm, we get a daily set of values which contains 1) The number 

of relevant tweets, 2) a negative sentiment score and 3) a positive sentiment score. 

The data was collected from a Bloomberg Terminal for each firm. As described in section 3.1, there was a 

change in DJIA as WBA replaced GE in 2018. The aggregated Twitter data are adjusted accordingly for this in 

the same way. 

The notation for the aggregated Twitter data will be: 

 

For each t observation, corresponding to each trading days. The two sentiment variables are calculated as: 

 

Where F1 is firm 1 of DJIA, and F30 is firm 30 for DJIA. Pos is the positive sentiment for the given firm, and Neg 

is the negative sentiment. 

 

 Descriptive statistics 

Table 6 compares the descriptive statistic for the two time series and focus on the volume of tweets. It is relevant to 

inspect the volume as we suspect the SentiOne data to be imperfect. We can notice that even though Bloomberg Twitter 

data is provided for 25% fewer observations (days)28 than the SentiOne data, it includes almost 100 times as many tweets. 

The reason for the difference in volume could be due to a difference in criteria’s for when to include a tweet. For our 

SentiOne tweets, we decided only to include tweets containing a cashtag of the specific firm and thereby excluding 95% 

of the collected data. In the following sections, we take a further look into the two datasets. 

 
28 As SentiOne data contains tweets from non-trading days 

Total

Initial # of tweets 3,049,469 

Final # of tweets 161,235   
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Table 6: Comparison of the volume of tweets gathered from two data sources. There are fewer observations from the Bloomberg data 

as it only provides data from trading days. (Own creation) 

3.3.3.1 SentiOne Tweets 

Figure 5 shows the time series of tweet volume from SentiOne after filtered for cashtags. Of the first 50 

observations, there are 40 days with no registered tweets. Further, except for a few spikes, the volume level 

for the first 1½ year is relatively low with a daily volume less than 100. 

 

Figure 5: Time series of tweet volume after filtering for cash-tag (Own creation) 

A table presenting the descriptive statistic for the positive and negative sentiment for each ticker code can be 

seen in Appendix 1. One observation worth reporting from the data is that every single ticker codes positive 

and negative sentiment has a median value of 0. Said differently, every firm’s positive and negative sentiment 

scores are 0 for more than 50% of the 1096 observations. This, once again, raises our awareness of the 

possibility of low-quality data. 

The development in the aggregated sentiment score can be seen below in Figure 6. One can observe that the 

sentiment, in general, is close to zero, however with some spikes and especially a huge positive spike at the 

beginning of 2017. 

Bloomberg SentiOne

# of Tweets 13,471,213   155,391      

n 782          1,096        

Volatility 122,911,900  14,232       

Min 1,007        0

Mean 17,227       142          

Median 17,146       108          

Max 155,390      627          

Twitter data Sources
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Figure 6: Sentiment development aggregated for 25 firms for which Twitter data was available (Own creation). The individual firms 

Twitter data can be seen in Appendix 2. 

3.3.3.2 Bloomberg Twitter Sentiment 

As we previously stated, Bloomberg Twitter data is based on more than 13 million tweets distributed over 750 

trading days. We aggregate the sentiment from all firms into one new variable, working as a proxy for DJIA 

sentiment. Table 7 shows the descriptive statistics for Bloomberg Twitter data. From the table, we can observe 

that both the volatility and the mean is higher for positive sentiment than negative sentiment. 

 

Table 7: Descriptive statistic for Bloomberg Twitter data. (Own creation) 

The data for the individual firms’ Bloomberg Twitter sentiment can be found in Appendix 3. From the table of 

Appendix 3, we can report that there are two firms which sentiment is mainly leading the index sentiment. 

AAPL’s sentiment accounts for 27% and 32% and MSFT 11% and 9% of the aggregated positive and negative 

sentiment respectively. Other relevant firms to mention is BA, XOM and HD, which accounts for 4%-5% of the 

aggregated DJIA sentiment. 

The development of the positive and negative sentiment can be seen in Figure 7. Both negative and positive 

sentiment scores are generally declining. However, even though it looks like the sentiment is going to zero, 

the average daily sentiment score is still +/- ~650. The proportions of the figures are blurred by some large 

spikes in 2016, mainly caused by the Apple sentiment. 

Appendix 4 shows the correlation between the individual stocks Bloomberg Twitter positive and negative 

sentiment. We can report that most of the firms Twitter sentiment is non-correlated with one another. 

However, there are a few firms with a relatively high correlation. MMM and CAT’s positive sentiment have a 

Possitive Negative

n 778     778     

Volatility 1,308   1,174   

Min 62      51 -     

Mean 1,197   1,158 -  

Median 888     844 -    

Max 23,535  15,051 - 

 Bloomberg Twitter 
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correlation of 0.81. As it was also the case for the News sentiment; GS, IBM, UNH and UTX has a noticeable 

correlation with one another for both their positive and negative Twitter sentiment. 

 

Figure 7: Plot of the development of DJIA and Bloomberg Twitter positive and negative sentiment. (Own creation) 

 

3.4 Bloomberg News 

Bloomberg is one of the largest financial News providers, but they not only provide News they also classify 

them. Bloomberg provides two different types of News data: 1) Volume of News containing selected words 

and 2) A positive and negative sentiment score for a specific firm. While the first category’s quantification is 

easy to comprehend, the second is a bit more complicated. The data is easily accessible through Bloomberg 

Terminals. One problem with the data, as with the Twitter data, is the lack of length as the sentiment 

department published their first data in 2015. Therefore, there are only four years of data available. The 

several scientifically articles suggest that News can work as a proxy for IS. However, most articles do their own 

data mining and do not test Bloomberg’s sentiment data. The use of Bullish and Bearish as search terms are a 

new approach and is based on the assumption that News articles use these terms and hence indirectly accept 

the presence of IS. This section will look further into Bloomberg News data. 

Cui, Lam and Verma (2016) did a paper on behalf of Bloomberg where they elaborate on how the News 

sentiment for a specific firm is quantified by Bloomberg. The sentiment engines which classify the News are 

trained to mimic a human’s expected interpretations of News. This was done by firstly manually classify an 

amount of News as either Positive, Neutral or Positive [-1, 0 or 1]. The classification was based on the question: 

“If an investor having a long position in the security mentioned were to read this News, is he/she bullish, 

bearish or neutral on his/her holdings?”. The algorithms were then trained to classify future News. The 

algorithm would then assign a categorical value and a probability value to future individual News of being 
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positive, neutral or negative. A final score was then assigned to the firm as a confidence-weighted average of 

categorical and probability value. The average was based on a rolling window of the past 24 hours. Hence, 

each daily value assigned were based on the previous 24 hours News and therefore, equal to a one-day-lagged 

value. 

In addition to the News sentiment for the 31 firms, we have also collected Bloomberg News mentioning Bullish 

and Bearish. The two words are each describing an expectation for either market growth or decline and 

therefore potentially represents a positive or negative market sentiment. One quality of the two words is that 

they are almost solely used by investors and speculators and therefore rarely misinterpret from another 

intended meaning. 

 Collecting and transforming the data 

In the following sections will present the individual News sentiment for 31 stock tickers and the aggregated 

data for these. The process of aggregating the sentiment data, follow the same method as presented for the 

twitter data, in section 3.3.2. The notation for the aggregated data will be: 

 

For each t observation, corresponding to each trading days. The two sentiment variables are calculated as: 

 

Where F1 is firm 1 of DJIA, and F30 is firm 30 for DJIA. Pos is the positive sentiment for the given firm, and Neg 

is the negative sentiment. 

 Descriptive statistics 

We will first present the individual 31 News firm sentiments, then the aggregated “index” sentiment and finally 

Bullish and Bearish. 

3.4.2.1 Individual firm sentiment 

In Table 8, the descriptive statistic for News sentiment is represented. We can observe that there is generally 

a higher sentiment score regarding positive News than negative News. This could indicate, that the general 

Bloomberg News is often having a more positive News angel than a negative one. A possible explanation for 

this could be that users of Bloomberg News is searching for investment gems and therefore requesting articles 

with an investment idea. 

We can observe a big difference in the volatility in the sentiment between the firms. By looking at the positive 

table, the average volatility is 1132, but several firms have a volatility close to 100 while Apple has a volatility 

of more than 16.000. However, it is difficult to interpret the difference in variance as it is a result of the 

difference in the nominal values. Further, if we look at the Weight distribution, Apple and Microsoft weight 

highly in the aggregated sentiment score. Generally, for both the negative and positive sentiment is, that there 

is a relation for the individual stock between its number of news, volatility, high and weight. 



 

Page 31 of 157 
 

The size of the characteristics follows the same patterns as the sentiment weight, where Apple has far the 

most News stories and Microsoft secondly. The only new observation is JPM having relatively many News 

stories. 

 

 

Table 8: Number of News stories which Bloomberg have ‘tagged’ with the specific firm. ‘Mean’, Median’, ‘Volatility’ and 

’High’ is of the individual firms’ sentiment. ‘Weight’: The individual stocks sentiment weight of the aggregated sentiment 

score. (Own creation) 

In Appendix 5, two correlations matrixes can be found. Each of them is representing the correlation between 

the 31 stocks individual sentiment scores, one for positive and one for negative. One observation worth 

reporting from this correlations matrix is that Home Depot’s sentiment is negatively correlated to almost all 

other stocks. When investigating the positive sentiment, we can observe a cluster of four stocks, which are 

relatively highly correlated with one another. The four stocks are Goldman Sachs, Johnson & Johnson, United 

Health Group and IBM all having a correlating between 0.36-0,70 between one another. 

Another observation when comparing the two matrixes is that the positive News’ are more positively 

correlated compared to the negative News. For instance, the 5 correlations with the highest values from the 

Positive News matrix are [0.7, 0.6, 0.58, 0.5 and 0.46] while the 5 highest values from the Negative News 

matrix are [0.42, 0.34, 0.33, 0.3, 0.27]. 

3.4.2.2 Aggregated 

A plot of the aggregated sentiment can be seen in Figure 8 and the descriptive statistic in Table 9. The 

aggregated News sentiment is based on more than 11 million News articles from Bloomberg corresponding to 

an average of 15.000 each trading day. From the plot, we can observe difficulties in finding patterns between 

AAPL AXP BA CAT CSCO CVX DIS DWDP GE GS HD IBM INCT JNJ JPM KO

News #(1.000) 2637 115 361 90 260 167 338 136 378 630 107 280 419 198 1151 138

Mean 118 8 38 11 12 11 16 8 26 15 2 22 27 15 27 13

Median 88 4 27 4 7 8 10 5 19 10 0 16 20 9 20 8

Volatility 16527 305 1526 767 563 123 447 145 830 409 126 931 1114 486 757 408

High 1184 176 416 297 364 90 301 103 254 180 139 263 463 246 290 141

Weight 19.7% 1.4% 6.4% 1.8% 2.1% 1.8% 2.7% 1.3% 4.3% 2.5% 0.4% 3.7% 4.5% 2.4% 4.4% 2.2%

MCD MMM MRK MSFT NKE PFE PG TRV UNH V VZ WBA WMT XOM UTX Avg.

News #(1.000) 222 46 94 1525 139 167 130 41 78 75 338 74 382 431 132 364

Mean 15 5 8 60 13 18 9 3 8 8 15 7 27 26 10 19

Median 8 2 5 50 7 10 5 1 3 4 8 3 15 21 5 13

Volatility 680 102 211 3181 603 714 341 98 365 313 526 269 1524 452 256 1132

High 244 92 235 874 220 318 188 198 162 215 337 210 374 150 147 286

Weight 2.4% 0.8% 1.4% 10.0% 2.2% 2.9% 1.6% 0.5% 1.3% 1.3% 2.5% 1.2% 4.4% 4.3% 1.6% 3.2%

Positive

AAPL AXP BA CAT CSCO CVX DIS DWDP GE GS HD IBM INCT JNJ JPM KO

News #(1.000) 2637 115 361 90 260 167 338 136 378 630 107 280 419 198 1151 138

Mean -52 -5 -12 -5 -2 -7 -9 -2 -13 -11 -1 -5 -8 -8 -15 -5

Median -33 -2 -6 -2 -1 -4 -5 -1 -7 -7 0 -2 -4 -4 -10 -3

Volatility 5302 96 357 221 37 91 249 21 544 215 27 79 232 284 239 109

High -1106 -95 -187 -202 -90 -135 -194 -59 -375 -220 -88 -90 -162 -228 -142 -106

Weight 20.8% 2.1% 4.6% 2.2% 1.0% 2.6% 3.7% 1.0% 5.2% 4.5% 0.5% 2.1% 3.4% 3.1% 5.9% 2.1%

MCD MMM MRK MSFT NKE PFE PG TRV UNH V VZ WBA WMT XOM UTX Avg.

News #(1.000) 222 46 94 1525 139 167 130 41 78 75 338 74 382 431 132 364

Mean -5 -1 -4 -15 -8 -6 -4 -2 -2 -2 -5 -2 -9 -19 -3 -8

Median -2 0 -1 -12 -3 -3 -2 -1 -1 -1 -3 -1 -6 -13 -1 -5

Volatility 70 8 608 225 420 80 48 18 15 38 90 13 120 492 49 335

High -138 -26 -675 -176 -345 -100 -108 -65 -46 -131 -103 -32 -108 -210 -129 -189

Weight 2% 1% 2% 6% 3% 2% 2% 1% 1% 1% 2% 1% 4% 8% 1% 3.2%

Negative
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DJIA and the two News sentiment variables. When comparing the two variables in Table 9, we can confirm 

what we found in the previous section, that there generally is a higher positive sentiment than negative. 

 

Figure 8: Plot of the development of DJIA and News positive and negative sentiment. (Own creation) 

 

Table 9: Descriptive statistic for Bloomberg aggregated News positive and negative sentiment. (Own creation) 

 Bullish and Bearish 

Figure 9 plots the correlation between volume in Bearish and Bullish News mentions and the DJIA return from the 

Bloomberg terminal. The plot clearly shows a pattern where Bullish is positively correlated with DJIA return and vice versa 

for Bearish. However, even though both time-series correlations look similar but upturned, the quality of the correlation 

is quite different. Bullish scores a correlation of -4% and Bearish -46%. The characteristics of the two time-series can be 

seen in Table 10. Similar to the sentiments from the 31 firms, we can see that the Bullish/Positive News are more highly 

represented than Bearish/Negative News. 

Positive Negative

N 750        750        

News count (1.000)

Volatilitet 79,304  14,370  

Low 97          41 -         

Mean 606        246 -       

High 1,959     880 -       

11.279
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Figure 9: Bullish and Bearish Correlation with DJIA daily return. Based on a one-month rolling-period. (Bloomberg Terminal, 

2019) 

 

Table 10: Descriptive statistic for Bullish and Bearish News volume from Bloomberg (Own creation) 

 

3.5 Google search volume index 

Another way of measuring IS is through Google searches. Google is the world’s prime search engine online, 

with over 90% of the world market share and over 60% of the US market share in 201929 even though the 

engine is only 20 years old. Today most people in the western part of the world have access to the internet 

and therefore also access to Google searches. In the United States, over 85% of the population uses the 

internet30. By using data from Google searches we can, therefore, get a wide-ranging picture of what interests 

a big part of the US population and the data can, therefore, be seen as a reliable proxy for the search behaviour 

of this population. We find it plausible that investors want to be well-informed before investing their money, 

and therefore, some of them will turn to Google for information. The words and terms they search for should, 

therefore, represent their beliefs or fears towards the market. Google searches have already been found useful 

 
29 (Statcounter, n.d.) 
30 (Statista Research Department, 2018) 

Bullish Bearish

# Total News 97,935  74,260  

Min News 33 27

Mean News 130 98

Max News 302 229

Volatility 1593 901
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as a proxy for IS. Da et al. (2011, 2013) was one of the first and also one of the best-known researches within 

this area, but also Mao et al. (2013) and Preis et al. (2013) are great examples of using Google searches as a 

proxy for IS. 

 Selecting words 

In contrast to tweets and News, the sentiment related to a single word is much more challenging to analyse. 

When using search words, we do not know the context of the word. When looking at ticker symbols, it is hard 

to know whether the search was in relation to a positive or negative context. A search sentence could be “is 

DIS performing good?” or “is DIS going bankrupt?”. We, therefore, take another approach when it comes to 

selecting Google search terms than when choosing data from Twitter and News. The underlying method used 

in this paper relates to the work done by Da et al. (2011, 2013) who builds on even earlier literature by Tetlock 

(2007) and Tetlock et al. (2008). Just as Da et al. (2011, 2013) we start with the two dictionaries Harvard IV-4 

Dictionary and the Lasswell Value Dictionary (LVD) and selects word classified as “economic” and have either 

a positive or negative sentiment assigned. This gives us 149 words. Da et al. (2011, 2013) then use Google 

Trends to find related search terms. By doing so, only the search terms that are related today will be suggested 

and not the related terms from the rest of our period. It is not optimal to use the recent related terms to do a 

backtest (Challet & Ayed, 2014). However, related searches can also bring much noise to the model. In 

February 2019 two of the top 5 related searches for the word “debt” was “Kanye debt” and “Kanye”. Kanye is 

a well-known American rapper that is not directly connected to the financial market. We, therefore, instead 

add more words by including different dictionaries. The dictionaries are chosen to represent different areas 

of both economic and business terms and their different uses. The Harvard IV-4. LVD and three additional 

dictionaries used are: 

1. Harvard IV-4 Dictionary and LVD (149) 

2. The Economist31 - Glossary of economic terms (656 words) 

3. The Guardian32 - Glossary of business terms (319 words) 

4. Hook Agency33 - Financial words with the highest search volume (35 words) 

All the words from the four dictionaries were combined and added to the 149 words from the original list, and 

the list was adjusted in the following steps: 

1. All duplicates were removed 

2. Names such as Milton Friedman were removed 

3. Mathematical terms such as mean and median were removed 

4. For words, stated in both singular and plural, the plural term was removed 

5. Terms with no data were removed 

The final list then consisted of 873 terms34. 

 Google Trends - The data 

The data used in this paper was collected via an API from Google Trends. Google Trends then delivers the 

search data as a SVI. Instead of publishing the actual search counts, Google indexes the volume of the searches 

 
31 (The Economist) 
32 (The Guardian, 2013) 
33 (Brown T. , 2018) 
34 For the full list, see Appendix 6 
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in an index from 0 to 100. When collecting data from a period, the day with the highest search volume will get 

a value of 100, and the rest of the data will then be scaled according to this (Google, 2019). The data can be 

collected from 2004 to today but to be able to compare the performance of the different data sources in this 

paper we chose to collect daily data from 1/1/2016 - 31/12/2018 as this is the accessible period for the Twitter 

data. When collecting the SVI of a word, all searches that involved the word are included. As an example, data 

on the word “debt” will also include searches such as “Financial Debt” and “Debt ratio”. Google chooses to 

exclude some data such as searches with very low volume. Google Trends then only shows data from popular 

terms and the rest appears as “0”. If one person repeatedly searches for the same sentence over a short period 

of time, Google Trends excludes the duplicated searches and excludes searches with special characters such 

as apostrophes. 

The data are imported through a publicly available API and the programming language Python. Data can be 

collected for different time frequencies such as: hourly, daily, weekly and monthly. The available frequencies 

depend on the overall timeframe. With the API, the maximum timeframe for daily data is 250 days. This is a 

big challenge as we need to collect several timeframes for each term, and then the data must be transformed 

and fitted. Since the SVI is calculated based on values within each timeframe, we need to correct for that. To 

do so, the data is collected with timeframes that overlap one day. If one collected data from Google Trends, 

with or without API, for the same period but on two different days, one would likely get two different but 

almost similar results. To work around these critical issues, the SVIs will be log-transformed within each 

timeframe (250 days). This means that if a timeframe ends on day 250, then the next imported timeframe will 

start at day 250 but will be this timeframe’s first day. To calculate day 250, day 249 and 250 from the first 

timeframe will be used. To calculate day 251, day 250 and 251 from the second timeframe will be used. The 

data then has the same structure as the return with a stationary time series with the change of the index and 

not the exact value in focus. The SVI is then calculated as: 

 

Let us take the word “debt”. Figure 10 shows the SVI from the period 1/1/2016-1/4/2016 as this period 

contains the overall highest search volume. The maximum SVI is at the 16/02/2016 and therefore get a value 

of 100. It might be challenging to see in Figure 11, but in Figure 10, there is a clear weekly pattern. Two days 

a week the SVI seem to decrease, and the next five days the SVI increases again. The two days with decrease 

are on the weekends. This could indicate that people search for the word “debt” in relation to work or school 

assignments. Since there is no trading on the weekends, the decrease is of no concern here. The transformed 

data can be seen in Figure 11. Now the highest value from Figure 10 is much smaller as the daily change in the 

SVI is lower than other days. The biggest change is found on the 05/06/2016. 

The Google data contains several hundred variables that make the calculation process even more complex and 

slow. Since the sentiment is measured indirectly through search terms, we need to classify these terms. To 

remove and classify the terms (variables), their t-statistics are used as a threshold. The t-test is an indicator of 

whether the variable has a significant impact on the dependent variable. This is considered right if the variables 

have a significant t-statistic. Here we will use a confidence interval of 90% and therefore the critical value is 

±1.645. If the variables meet the criterion, it will either be classified positive or negative according to whether 

the t-value is positive or negative and if the values do not meet the threshold, the word (variable) will not be 
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used in making either a negative or positive variable. The positive (negative) variables are then summed so 

that we end up with only two variables (positive and negative). 

 

Figure 10: SVI for "Debt" in the US from 1/1/2016 - 1/4/2016 (trends.google.dk, 2019) 

 

Figure 11: Log-transformed SVI for "debt" in the US from 1/1/2016 - 1/1/2019 (Own creation) 
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4 Methodology 
After the data is made ready for analysis, it is used to predict the returns of the DJIA index. The returns are 

then used as buy/sell signals in different trading strategies to gain a positive return for an investor. This 

following chapter then covers the different regression models and trading strategies used in this paper with 

the purpose of getting an understanding of how the data is used and how we validate the findings. 

 

4.1 Regression models 

After the data has been cleaned and made into a positive and negative variable, different statistical models 

are used to find the best relations between the independent variables and the stock return. The models are 

chosen based on what has been used in earlier research as the models themselves are of little concern in this 

paper. There is one standard model used for all the three analysis areas, and the model is then modified 

specially to the data or by a critique from earlier literature. Within the different measures of sentiment, 

researches have tried to predict the return using very different models. However, the most used statistical 

model, in our knowledge, is the linear regression model. We will, therefore, take our starting point within this 

model and then elaborate on how to improve it or change it to another model. The basics of the used model 

will be explained in the following sections. 

 Multiple linear regression 

Multiple linear regression is a model generally used to predictions of business outcomes using social media 

data (Lassen, Cour, & Vatrapu, 2017). The regression studies the linear relationship between our dependent 

variable (return) and the independent variables (Google words, Twitter sentiment and News sentiment). The 

general formula for the linear regression is: 

 

Y is then the returns, and the x’s are the different sentiment variables, their lagged values or the lagged values 

of the return. The beta coefficients then represent the association between the x and the y (ceteris paribus) 

and are estimated using OLS (James et al., 2016). The epsilon represents a random error term (residual)1 and 

shows the difference between the real and predicted value (Newbold, Carlson, & Thorne, 2013). When using 

linear regression with OLS, there are some underlying assumptions these will be analysed and discussed later 

on in the analysis chapter 5. 

4.1.1.1 Variable selection - AIC 

Mainly the Google data contains many variables. Using that many variables are not optimal since 1) OLS often 

results in low bias but large variance meaning that with more data, accuracy can be improved but the accuracy 

tends to vary a lot over different training sets. A lower complexity of the model will generally lower the variance 

but higher the bias. The goal is to find the spot where the combination of the errors is smallest (Provost & 

Fawcett, 2013). The accuracy can, therefore, sometimes be higher by eliminating some variables. 2) A model 

with many variables is hard to interpret and takes longer time to run. It is, therefore, sometimes better to 

lower the complexity of the model even though the accuracy might fall too (Hastie, Tibshirani, & Friedman, 

2009). For an institutional investor adding or removing variables manually is not optimal and maybe also 

impossible. The multiple linear regression can, therefore, be combined with a forward, backward or mixed-

stepwise selection making the process automatic. Since we also assume the investor will make the predictions 



 

Page 38 of 157 
 

before the market opens and get the data 30min before there is not much time to run through the model an 

all the variables. 

With the forward selection, the model only starts including the intercept and then adds one variable at a time 

starting with the variables that improve the model-fit the most. The opposite is going on when using the 

backward stepwise selection. Here all variables and the intercept are included from the start, and then the 

model removes the variables that have the least impact on the fit of the model. When using a mixed selection, 

it is then a combination of forward and backward selection. The model can both begin with all or no variables 

and then keeps removing or adding variables. All of the three selection approaches go on until an optimum or 

criteria is met. Different measures such as AIC35, BIC36, p-values, F-statistics, and so forth can be used as goal 

values. Once the model finds the optimum, no more variables will be added/removed (Hastie, Tibshirani, & 

Friedman, 2009). The measure used is AIC. AIC compares different models and ranks them based on their fit 

so that they neither under-fits nor over-fits. An advantage of AIC is, therefore, that a model with more variables 

is being punished. The optimal model is then the one with the lowest AIC. A disadvantage is that the possible 

models are ranked relatively, so if each model performs poorly, using AIC will only choose the best of the 

worst. 

4.1.1.2 Hold-out-data and overfitting 

When using a linear regression model with OLS, it is almost impossible for the model not to overfit the data. 

Overfitting occurs when the model is fitted too much to the data so that it will lack generalisation. When new 

(future) data are added, the model will perform poorly because the model is not general enough to be used 

on the new data. To get a more realistic picture of whether the investor can earn a profit in the future, we 

need to take overfitting into account. If the model is trained on all the available data, it will most likely not 

reflect the future possibility of profit since the model will overfit. A statistical method often used to reduce the 

effect of overfitting is to introduce hold-out-data (test-data). The data are divided into two sets, the training 

data and the test data. Only the training data is used to train the model while the model is as the name implies, 

tested on the test-data (hold-out data). This way, we will both be making in-sample and out-of-sample 

forecasts (Hyndman & Athanasopoulos, 2014). 

Either the hold-out-data can, for a time-series dataset, be chosen randomly or by a specific period of time. 

Since the fluctuations of the value of the index has been changing a lot in the three-year period and the future 

price development is unknown, the hold-out-data is chosen randomly trying to picture the future data the 

best. The next to choose is the size of the hold-out data. An often-used split size and rule of thumb is 80/2037 

based on the Pareto’s Principle38. It is all about finding an equilibrium between the model having enough data 

to train on, but also at the same time get a model that is not too overfitted. As approximately 20% of the data 

should be taken out as the hold-out data, with 747 data points, the hold-out dataset consists of 150 point and 

the training-set consists of 597 data points. 

4.1.1.3 Seeds 

A way to test the model is then to use different hold-out datasets. Since the hold-out data is chosen randomly, 

it is possible to make millions of random combinations of data points. By choosing different seeds, the model 

 
35 Akaike Information Criterion 
36 Bayesian Information Criterion 
37 (Nau, 2019) 
38 The principle states that 80% of outcomes is a result from 20% of causes (Bhowmick, 2017). 
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chooses different data points. To test the significance of the models, 750 different seeds are chosen, and the 

model found is compared to the results from the 750 different simulations. A higher/lower number of seeds 

potentially could have given the same or a more robust result, but it was considered a big enough amount 

since we only have 747 data points. The robustness check can be made on both the regression model itself 

(coefficients are held constant) and the entire trading model (regression model is re-estimated for each seed). 

This will show whether the model found was pure coincidence or if it represents the possible profit for the 

investor. 

4.1.1.4 Rolling regression 

A way to change the general linear regression is to use rolling regression. This method has been used in 

previous literature and will also be used in this paper when analysing Google data. The search terms used on 

Google will depend on the language of the people searching. Since the human language is always changing39 

the significant search terms might also change continuously. To think that the terms relevant two years ago 

are also relevant today are not realistic (Challet & Ayed, 2014). To try to incorporate this assumption, we 

introduce rolling regression. The estimation and general assumption are the same as for the general multiple 

linear regression, but the training period differs. Instead of using the same training set once, the training set 

will be the observations included in a rolling window of a fixed size (Zivot & Wang, 2006). If the relationship 

between the words and the return does not change then the coefficients will simply remain constant for all 

the periods, but by using a rolling estimation window, the coefficients can change in every period. 

 

4.2 Trading strategies 

This paper builds on trading strategies with predictions based on data from different sources. There are many 

ways for how to set up a trading strategy, but in order to be able to compare our trading strategies with 

different data variables, the general strategy will be the same. This section aims to describe the general active 

trading technique underlying our strategies and a passive strategy that will be used as our baseline for 

comparison. 

 The general trading strategy / Long-Only strategy 

Our trading strategy takes its beginning in the year of 2016. Since the data is published 30min before the 

market opens, we want to capture a possible gain before the rest of the market does and therefore always 

trade on the opening prices. We will trade with the Dow Jones Index as if it was an ETF and will, therefore, 

refer to it as ETF. In all the trading days, except the last, there are five possible outcomes. 

1. We own the ETF, and we predict a return higher than our upper threshold, so we hold the ETF 

2. We own the ETF, and we predict a return lower than our lower threshold, so we sell the ETF 

3. We do not own the ETF, we predict a return higher than our upper threshold, so we buy the ETF 

4. We do not own the ETF, and we predict there will be a negative return, so we do nothing 

5. The return is not higher/lower than the upper/lower threshold, so we do nothing 

When the strategy predicts a purchase of the ETF, all the value from the previous sale after excluding trading 

and deposit cost will be reinvested. Since the strategy builds on a one-unit trade, an investor will be able to 

multiply the amount of money he/she has to invest with the bought/sold units and then be able to calculate 

 
39 (Linguistic Society of America) 
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the possible return regarding the specific situation. In this way, it is possible for our strategy to buy a part of a 

share-unit and not only one whole share-unit. On the very last trading day, the strategy will always own zero 

stock units. 

Table 11 shows an example of how our strategy can turn out in a two week period with ten trading days. 

 

Table 11: Example of a Long-Only trading strategy (Own creation) 

Column 1 shows the opening price on a given day while column no. 2 then shows the return between the given 

day and the day before. To be able to trade upon this return we need it on the first day and not the day after 

so the return is rearranged, moved back one day. Said differently, on day 2, we need to know the return 

between that day and day 3. We can then try to predict the return. If we predict the return to be positive 

(negative) we will buy (sell), these signals are shown in column 5 based on the predicted values in column 4. A 

dummy of the actions is shown in column 6. If we predict that the return will stay positive (negative), we hold 

our position and do nothing indicated by a 0. The number of ETFs the strategy holds is shown in column 7. 

Column 8 then shows the cash flow of the strategy after subtracting trading and deposit costs, meaning the 

exact value paid or received. These cash flows are used to calculate our gained returns. If an investor can 

choose between the sentiment strategy or a Buy&Hold strategy40, the most optimal would have been the 

sentiment strategy as this loss is the smallest. 

 Short/long strategy 

The above strategy contains the overall idea, but it is also possible to short the ETF and not only go long. 

Instead of only being able to earn a profit on price increases, this strategy now also have the opportunity to 

earn a profit on price drops by shorting the ETF. If the model is good at predicting negative returns, then this 

strategy will also be able to gain a higher return as we never are off the market. This changes the possible 

signals. For the Short/Long strategy, it is possible to buy, hold the position or go short. The number of ETF to 

buy is limited by the amount of money available, but there is not the same limit for the possible number of 

ETF to short since an investor is not paying anything before he wants to step out of his position or if dividends 

occur. However, there are often some other limits to the amount of ETF available to short. First of all, the 

investor might have a limit on how much risk to take on. With long positions it is only possible to lose the 

amount of money paid for the ETF, but for shorting the loss has no limit. As long as the price goes up, the 

investor will lose money. Secondly, the broker has a margin that can be used for collateral to ensure that the 

 
40 See section 4.2.3 

(1) (2) (3) (4) (5) (6) (7) (8)

Day

Opening 

price

Real 

return

Rearranged 

return

Predicted 

return
Signal

Action 

dummy

Number of 

ETF
Cashflow

Buy-and-

hold

1 16,888 - - -0.00239 0 0 -16888.4

2 16,519 -0.02210 -0.00976 0.00243 buy 1 1.0218 -16879.48 -

3 16,359 -0.00976 0.00369 -0.00062 sell -1 0 16707.16 -

4 16,419 0.00369 0.00653 -0.00564 sell 0 0 0 -

5 16,527 0.00653 -0.02250 0.00280 buy 1 1.0104 -16697.95 -

6 16,159 -0.02250 0.01201 0.00636 buy 0 1.0104 0 -

7 16,354 0.01201 -0.02131 -0.00113 sell -1 0 16515.60 -

8 16,009 -0.02131 -0.00125 0.00456 buy 1 1.0311 -16506.92 -

9 15,989 -0.00125 -0.01389 0.00078 buy 0 1.0311 0 -

10 15,769 -0.01389 - 0.00362 sell -1 0.0000 16250.73 15768.9

Return -610.9 -1,119.5

Return % -3.62% -6.63%
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shorted shares will be returned to the lender in the future. There is both an initial margin that has to be held 

at the time of the trade and a maintenance margin that must be held at any point in time changing along with 

the value of the share. The size of the margins depends upon things such as the broker, the stock and the 

market conditions. To meet such a margin, the strategies that include shorting will only be able to short the 

same amount of shares that was just sold. As an example, if we hold 1,3 shares and predict to short, we can 

sell the 1,3 and short 1,3 so that the number of ETF becomes -1,3. This way, we will always hold 200% of the 

ETF value in cash at the time of the trade41. In that way, the investor will be sure to meet the most common 

margins and be prepared for a higher margin in case of an increase in the ETF price42. 

Also, recall that the threshold for a trading strategy with shorting is different from the Long-Only strategy. As 

already mentioned, there is also a cost of being short that has to be taken into account (See Section 5.3). An 

example of the same period as in Table 11 but now with the opportunity to short is shown in Table 12. Since 

the model is able to predict and trade on negative returns the Short/Long strategy can make a profit on these 

decreases instead of just stepping out of the market, which reduces the loss from the previous example. On 

the very last trading day, the strategy will always own zero stock units. 

 

Table 12: Example of short/long trading strategy. (Own creation) 

 Buy&Hold 

Even though a trading strategy results in a positive/negative profit, it does not always mean that the strategy 

is good/bad. If a stock or index’s price has been increasing/decreasing for an extended period, the chances of 

getting a positive/negative return increase. To evaluate the performance of our best trading strategy, we, 

therefore, create a benchmark trading strategy. Since our strategy are based on active investing, our baseline 

strategy will be a passive investment technique known as the Buy&Hold strategy. As mentioned, if the 

followers of the EMH are right, then there will be no point in actively trading a security (since stock are fairly 

prices) and the Buy&Hold will, therefore, beat the active trading strategy. In general, the Buy&Hold strategy 

means that the buyer no matter the market conditions hold on to their stocks for a long time. Besides a small 

time-resource requirement, the strategy also lowers trading cost as the security are only bought and sold once. 

An example of a Buy&Hold can be seen in the last column of Table 11 and 12. 

 
41 To be precise, it’s close to 200% as the transaction cost diminish our asset value. 
42 Regulation T of the Federal Reserve Board says Initial Margin requirement is 50% and Maintenance Margin 
Requirement is 30%. Certain securities can have higher margins (Firstrade Securities Inc., n.d.). 

(1) (2) (3) (4) (5) (6) (7) (8)

Day

Opening 

price

Real 

return

Rearranged 

return

Predicted 

return
Signal

Action 

dummy

Number of 

ETF
Cashflow

Buy-and-

hold

1 16,888 - - -0.0023915 sell -1 -1.0000 16879.58 -16888.4

2 16,519 -0.02210 -0.00976 0.002427264 buy 1 1.0431 -33750.19 -

3 16,359 -0.00976 0.00369 -0.00062361 sell -1 -1.0431 34110.23 -

4 16,419 0.00369 0.00653 -0.00564132 sell 0 -1.0431 0.00 -

5 16,527 0.00653 -0.02250 0.002796671 buy 1 1.0196 -34090.07 -

6 16,159 -0.02250 0.01201 0.00636441 buy 0 1.0196 0.00 -

7 16,354 0.01201 -0.02131 -0.00113109 sell -1 -1.0196 33334.50 -

8 16,009 -0.02131 -0.00125 0.004561643 buy 1 1.0614 -33316.32 -

9 15,989 -0.00125 -0.01389 0.000782238 buy 0 1.0614 0.00 -

10 15,769 -0.01389 - 0.003621258 sell 0 0 16728.6662 15768.9

Return -103.6 -1119.5

Return % -0.61% -6.63%
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 Base model 

To test the value of adding sentiment data to a prediction model, we will create a Base model, without any 

sentiment data, which will also have Long-Only and a Short/Long trading strategy. The Base model will only 

be regressed on lags of the control variable, VIX. The tuning process is specified in section 4.1.1.4, and to 

ensure that the tuning process does not change the included control variables, depended on which 

sentiment variables there is kept in different models, it is forced to use its optimal lags: 𝑉𝐼𝑋𝐿3, 𝑉𝐼𝑋𝐿4 and 

𝑉𝐼𝑋𝐿5, shorted to 𝑉𝐼𝑋𝐿3:𝐿5. The optimal VIX lags are found by simulating the tuning process of 750 

regression models with only 𝑉𝐼𝑋𝐿1:𝐿5 available. 

 

4.3 Trading cost 

In the striving to make a realistic trading strategy, we will account for trading cost. The trading cost both 

influences our decision to trade or not, and as well our cash flow during the trading period. The trading cost 

will be constituted by a brokerage cost, deposit interest and loan on securities for shorting. As we want to act 

as an institutional investor but cannot negotiate with the bank and brokers as one, we have estimated the 

cost. These will shortly be specified in the following section: 

- Brokerage cost varies from 0.05%43 to 0.50% depending on the stocks exchanges nationality and size 

of the transaction. We have decided to use a brokerage cost of 0.05%. The brokerage cost is applied 

every time we change position. When we change position in a Short/Long strategy, the values of the 

cost are approximately twice as high as when changing position in a Long-Only strategy, as we both 

sell and short the asset. 

𝐵𝑟𝑜𝑘𝑒𝑟𝑎𝑔𝑒 𝑐𝑜𝑠𝑡 = 0.05% 

 

- The deposit interest has the past ~8 years been close to zero. We will use the Danish national bank's 

rate of interest in certificates of deposits. The interest has been locked at -0.65% since 01.01.2016 and 

during our whole trading period.44 This means that not having a position or being short in the market 

will yield a negative return as a consequence of the negative interest. A problem with a cost such as 

interests is that it is not a ‘single-event-cost’ but depends on the length of a period. Hence, having the 

money stored at a deposit between two trading days, but separated by holidays, should be more 

expensive than trading days not separated by holidays. To circumvent this problem, we divide the 

yearly nominal interest cost into a daily average cost, well knowing it is an average approximation. 

Hence: 

 
- When shorting a stock, brokers demand a loan of securities. The cost of such loan of securities is also 

varying depending on the broker, the stock and the buyer. We select the cheapest we were able to 

find, a yearly nominal interest of 0.99%.45 Implementing the cost from the loan of securities has the 

 
43 0.05%: (Danske Bank, 2019), (Nordnet, 2019a) 
0.1%: (Saxo Bank, 2019) 
0.5%: (Jyskebank, 2019) 
44 (Nationalbanken, 2019) 
45 (Nordnet, 2019b) 
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same problem as the deposit interest and will, therefore, be solved the same way, by estimating an 

average daily cost. Hence: 

 

The effects of trading costs have as earlier mentioned, probably a higher effect on speculative trades, and 

hence irrational trades (Scheinkman and Xiong, 2003). Including trading cost, will, therefore, help us not to 

overestimate the usability of sentiment data. 

 Threshold for trading 

The trading cost is not only affecting our coin balance during the trading period but as well our decision to 

trade or not. We will, therefore, formulate some thresholds our predictions must exceed if the model should 

trade. The thresholds are varying depending on the restrictions of the trading strategy. An illustration of the 

thresholds can be seen below in Figure 12. It is worth noticing that for both trading strategies, Long-Only and 

Short/Long, the lower threshold is marginally larger in absolute values than the Upper threshold. The reason 

for this is: 

- For Long-Only, it is more expensive to stay out of the market than being in the market as a 

consequence of the negative deposit interest. 

- For the Short/Long strategy, there are additional expenses related to being short as a consequence of 

both the loan of security and a double effect from the negative deposit interest as we have doubled 

our cash deposit as long as we are short. 

As Figure 12 illustrates, we would only go long at day 1 to 6, 10 to 11 and 17, and only going short or out of 

the market depending on the defined trading strategy at day: 7 to 9 and 12 to 16. Therefore, we would only 

change position four times even though our prediction suggests that the market return will change ten times 

between positive and negative. 

 
Figure 12: Illustration of predicted return and thresholds for trading (Own creation) 

The specification of the calculations of thresholds for the different trading strategy can be seen below. The 

calculation of the threshold is accounting for their relational effect on one another. For example, is the 

effective cost from deposit interest on our cash balance slightly less as we would have to pay the brokerage 

cost initially when changing position. Another specification is that the Upper threshold is lower than the 
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brokerage cost of 0.05% because by taking a long position, we save alternative cost. Concretely we save the 

cost from the loan of securities and deposit interest. Calculations: 

Long-Only Thresholds 

 

Short/Long Thresholds 

 

From the previous section, we can notice that the brokerage cost is the largest of the three trading cost types 

influencing our deciding to trade or not. 

 

4.4 Measuring the quality of a trading strategy 

The quality of a trading strategy is easiest interpreted by being compared to by some measure of alternative 

trading strategies. The several different measures we will use, and analyses in our analysis will her be specified. 

 Return of trading strategy 

The return of a trading strategy will firstly be based on the aggregation of the cash flows during the trading 

period: 

 

The return of the trading strategy is then the ratio between the initial investment and the surplus of 

aggregated cash flows. 

 

 Abnormal Annual return 

We will define the Abnormal Annual Return (AAR) as the given trading model annual outperformance of a 

passive trading strategy, Buy&Hold (B&H). As the trading period has its first trade from the 7th January 2016 

and the last trade on the 31st December 2019, the length of the trading period is almost three years. As the 

strategy is allowed to reinvest and only compared by other strategies with the same length, we will annualise 

the return. Abnormal Return and AAR for an unspecific strategy can be defined as: 
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 Sharpe Ratio 

As a measure risk/return, we will use the Sharpe ratio (SR). The SR is defined below, where 𝑅𝑓,𝑇  is the risk-free 

interest. 

 

The SR will benefit the trading strategies that are least exposed to market risk and hence has more frequently 

located assets at cash deposits. However, it is only the Base and Long-Only strategies that are allowed to take 

no market position and hence the Buy&Hold and Short/Long will have the same volatility as the Dow Jones 

Industrial Index itself. The daily volatility of the strategies will be equal to the DJIA daily volatility given they 

are either long or short in the market.  

The daily volatility is then summed for the whole trading period for the given strategy and multiplied by the 

square root of time to annualise the volatility: 

 

The volatility of DJIA is equal = 0.1251, and the trading strategies will, at maximum, have the same volatility. 

The final element of the SR is the risk-free interest. For the risk-free interest, we will not use the Danish 

National Bank’s deposit interest but a three-year U.S. Zero-coupon bond. The yield of the bond, 𝑅𝑓 =

1.3017%46 and starts on the 4th of January 2016. Hence, the SR of every trading strategy will be calculated as: 

 

 Equity Curve 

The previously mentioned measures are useful when evaluating the final results of the strategy. However, the 

measures are not useful if we want to investigate the development of the return of our trading strategy during 

the three year period. To cover this area, we will use an Equity curve, which is simply an aggregation of the 

value of our assets at any time, which can be either cash or stocks. Mathematical defined as: 

 

When comparing the development of Equity curves from different trading strategy, we will use indexed values. 

The indexed values will have base 100 for the first trade, 4th January 2016 and calculated as: 

 

 
46 (FRED, 2019) 
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An advantage of calculating the return with this procedure is that the return will be identical to the later 

defined Equity Curve minus 100. 

 

4.5 Data and methodology overview 

Figure 13 shows an overview of the data and methods used in the analysis and explained above. The data 

and methods behind the firms-specific models will be described before its analysis. This is to reduce 

complexity of the reading as these models differentiate themselves from the remaining models. 

Figure 13: Data flow (Own creation) 
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5 Analysis 
This chapter will both present and analyse obtained results. Initially, an analysis of autocorrelation of the 

DJIA return and cross-correlation with the remaining variables will be done, as a tool to determine the 

number of lags to include in the prediction regressions. The cross-correlation also investigates the 

relationship between the different variables and the returns. 

The analysis will be of trading strategies based on the predicted regression and will be divided into three 

different focus areas: 1) Index specific sentiment, 2) Market general sentiment and 3) Firm-specific 

sentiment. The trading strategies will use the presented data in chapter 3, Twitter, News and Google, and 

use the methodology presented in chapter 4. Each of the three focuses will specify the combination of data 

and methodology. 

 

5.1 Autocorrelation 

 

Figure 14: Time series of return from DJIA opening prices (Own creation) 

As mentioned previously, many earlier researches used the lagged values of the stock prices/returns as control 

variables. This section, therefore, analyses how the return on the opening prices are correlated to its lags 

(autocorrelation). First, a time series of the return is done and can be seen above in Figure 14. It is clear that 

the data series is stationary with very low mean ADFs (<-1.95). There does not seem to be a trend positive or 

negative, and the returns are placed around zero with a few outliers. There are no solid patterns or seasonal 

trends that can indicate the occurrence of autocorrelation. Nevertheless, it does seem like the volatility of the 

returns are higher for the late and newest dates while they are more stable in the middle of the three-year 

period. Because there are so many data points (1033) placed close to each other, it can be difficult to spot any 

autocorrelation. To dig further into this, the ACF is also conducted (See Figure 15). 

As expected from the time series, there does not seem to be any autocorrelation in the data. All spikes on the 

ACF plot lies within the confidence ribbons indicating that there is no significant relationship between the y-

variable and its lags. Nothing in our research concludes that including the lagged variable of the returns will 

contribute to a prediction model. In general, there seems just to be white noise (stationary and uncorrelated), 

which can indicate that the returns follow a random walk. 
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Figure 15: Autocorrelation of DJIA opening returns (Own creation) 

 

5.2 Cross-correlation 

In the process of investigating the stored information in the time-lagged variables, we can use a cross-

correlation. We will compute a CCF plot where the k value returned by ccf(x,y) estimates the correlation 

between x(t+k) and y (t). Hence, when the time lag, k is negative, it is the describing variable which leads the 

return, and when the time lag, k is positive, it is the returns which lead the describing variable. The cross-

correlation is the relation between two time series written as 𝑥 = [𝑥1, … 𝑥𝑛] and 𝑦 = [𝑦1, … , 𝑦𝑛] moreover, 

the cross-correlation 𝛾 at lag k is defined as: 

 

Where �̅� and �̅� is the mean value of the sample means x and y. 

Figure 16 plots the cross-correlation for the News and Twitter data. A cross-correlation value higher than the 

confidence band indicates that we reject the null hypothesis of zero correlation of information about the 

depended variable on a 95% confidence level. Said differently, we ideally want to test all lags with cross-

correlation values more significant than the confidence bands. The figures should be interpreted in the 

following way: Lag 0 is the “base lag” where the two variables’ values happen simultaneously and therefore 

impossible to say which leads which. Nevertheless, we would expect the highest cross-correlation values in 

lags close to 0. The describing variables’ leading effect on the depended variable (in negative lags), and the 

depended variables’ leading effect on the dependent variable (in positive lags) is shown by the size of the 

cross-correlation. Hence, it is the negative lags we have in interest when investigating which lag to include. 

We cannot expect a high cross-correlation as it is in general difficult to have any information that correlates 

highly with stock indexes return. 
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Figure 16: Cross-correlation for Twitter and News data against return. Lags for +/-10 is showed. For negative lags, describing variable 

leads depended variable and vice versa for positive lags (Own creation) 

The cross-correlation for News and Twitter looks a bit different. If we take a closer look at 1) News and 2) 

Twitter 3)VIX cross-correlation: 

1) We can see that it is only bearish and bullish cross-correlations, that are higher than the confidence 

band for negative lags. Noteworthily, they are only significant in lag -1, indicating that the volume of 

bullish and bearish News leads the DJIA return on the day after the News gets published. Considering 

the negative lags, we can see signs of a sinus-shaped pattern for the four variables except for Positive. 

That could indicate, that if the News sentiment variables have any influence on the index return, it 

keeps adjusting for earlier days (over)reaction in the index, like the swings of a pendulum. In general, 

it looks like the cross-correlation scores higher in the positive lags, indicating that the DJIA index, to 

some degree, has a larger effect on the sentiment than the other way around. 

2) The Twitter sentiment does not have either positive or negative lags with a significant cross-

correlation with DJIA return. It is difficult to find a pattern in the cross-correlation  

3) The VIX cross-correlation looks systematic in its pattern. We can notice that there are many lags with 

values exceeding the confidence band, an indication of stored information between the X and Y 

variable, with a declining rate. However, all significant cross-correlations are located in the positive 

lags, suggesting that DJIA lead changes in VIX, which seems intuitively reliable, but however not ideal 

for a control variable. 

 Selecting the number of lags 

When testing a model, we will optimally include all valuable historical data and their respective lags, which 

naturally is impossible. Therefore, there are considerations to be made regarding how many lags to include. 

We expect the most recent data to store the most information about the depended variable, as we expect 

prices to incorporate new information quickly. Hence, it would be natural to prioritise the most recent lags. 
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A natural number of lags to include would be five as this would cover a whole trading week. However, when 

considering the plotted cross-correlation in Figure 16, we find the indication of only including lag -1 for Bullish 

and Bearish while the News and Twitter cross-correlation did not show any significant values in lag -10:10. 

In the relevant literature, we found a small variation in the number of included lags. Bollen et al. (2010) use 

three days of lag when examining daily data. Tetlock (2007), Bijl et al. (2016) used five lags when examining 

weekly data. We decide to test for up to 5 lags for the prediction models, as an assessment based on the above 

information. 

 

5.3 Trading strategies with index-specific sentiment 

This section will analyse different models based on sentiment data solely from stocks of DJIA and used on 

DJIA return. 

 Twitter - Positive and Negative 

This Twitter section will be shorter than other sections due to problems with tuning a regression model which 

includes investor sentiment. The Twitter sentiment specified in section 3.3 will be used in the following 

sections’ analysis. 

5.3.1.1 Prediction model 

The model is being tuned as specified in section 4.2.4 and hence the three control variables 𝑉𝐼𝑋𝐿3:𝐿5 will be 

kept in the model. In addition to the control variables, the tuned model selected to regress on the following 

variables: 

𝑇𝑤𝑖𝑡𝑡𝑒𝑟𝑃𝑁 𝑛𝑜 = 𝛼 + 𝑉𝐼𝑋𝐿3:𝐿5 47 

So, unfortunately, the tuning process did not find any of the Twitter sentiment variables useful for the 

regression. Therefore, we have to force the regression model to accept the Twitter sentiment variables to get 

any output to analyse. The regression model will hence look like: 

 

 
 

Table 13 shows the output for the 𝑇𝑤𝑖𝑡𝑡𝑒𝑟𝑃𝑁 –model48. We can notice that none of the sentiment variables 

is significant, and most of them are close to 1. With variables this insignificant, one can only have little 

expectations to the coefficients and their operational sign. Therefore, it is not surprising to see that the 

operational signs for both 𝑃𝑜𝑠𝐿1 and 𝑁𝑒𝑔𝐿1 is the opposite of what we would expect. Even though the 

sentiment variables are insignificant, the VIX variables manage to stay significant. 

At first, the model seems highly unstable due to the high p-values and because of the tuning process excluded 

every Twitter sentiment variable. We will have to look at the return of the models trading strategies to make 

a better valuation of the model. 

 
47 𝑉𝐼𝑋𝐿3:𝐿5 is shorten for: 𝑉𝐼𝑋𝐿3 + 𝑉𝐼𝑋𝐿4 + 𝑉𝐼𝑋𝐿5. We will use this procedure future formulas. 
48 Full output can be found in Appendix 7 
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Table 13: 𝑇𝑤𝑖𝑡𝑡𝑒𝑟𝑃𝑁 output. A complete print can be found in Appendix 7. Coefficients have values of [E-5]=1/100000. “.L1” denotes 

Lag 1, “.L2” denotes Lag 2 and so on (Own creation) 

5.3.1.2 Return 

Table 14 states the return outcome for the trading strategies based on 𝑇𝑤𝑖𝑡𝑡𝑒𝑟𝑃𝑁. Both of our strategies yield 

higher returns and SRs than the Buy&Hold and Base strategies. This is a positive result considering the 

sentiments respective p-values in Table 13. Considering the return, we can see that the Short/Long is the 

better strategy, however not by far. Being long in the market accounts for 88% of the Short/Long strategies 

return. This result indicates that Twitter data is better at predicting market growth than market decline. When 

accounting for risk, the Short/Long strategy is still the best strategy even though it has higher volatility assessed 

by the SR. 

 

Table 14: Return from Long-Only and Short/Long with trading cost, for both the Base model and 𝑇𝑤𝑖𝑡𝑡𝑒𝑟𝑃𝑁 - model (Own creation) 

Figure 17 plots the Equity curve for Twitter trading strategies. We can see that both strategies are better than 

Buy&Hold at any time. However, it lags the ability to accelerate its outperformance of the Buy&Hold strategy 

by reinvesting gains. 

Long-Only Short/Long Long-Only Short/Long

$ Return 6,266 5,926 5,443 7,412 8,448

Return 37.1% 35.1% 32.2% 43.9% 50.0%

Annualised Return 11.2% 10.6% 9.8% 13.0% 14.6%

Annual Abnormal return -0.5% -1.3% 1.8% 3.4%

Volatility 12.5% 11.6% 12.5% 11.6% 12.5%

Sharpe Ratio 0.788 0.905 0.760 1.161 1.237

Buy&Hold
Base Twitter Trading
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Figure 17: Plot of indexed equity curve for 𝑇𝑤𝑖𝑡𝑡𝑒𝑟𝑃𝑁’s two trading strategies with no trading cost. Index Open is the index of the DJIA 

opening price, which is similar to a Buy&Hold strategy (Own creation) 

5.3.1.3 Robustness check 

To test the robustness of the model and the usability of the data when shuffling the hold-out data, we will do 

two kinds of robustness cheek. We will for both approaches do 750 simulations where the 20% holdout and 

80% regressed data will be re-shuffled. To test the robustness of the model, will we not allow 𝑇𝑤𝑖𝑡𝑡𝑒𝑟𝑃𝑁 -

model to re-tune, and therefore referred to as a static model. To test the usability of the data, will we allow 

𝑇𝑤𝑖𝑡𝑡𝑒𝑟𝑃𝑁-model to re-tune for each simulation referred to as a dynamic model. 

We will do a superficial robustness check. A more thoroughly analysed check will be done in a later section 

with a model based on News data, as this model contains the most valuable insights. We cannot test a dynamic 

model as the model in all cases excludes Twitter variables. The outcome from the robustness check can be 

found in Figure 18. Regarding both AAR and SR for both Long-Only and Short/Long the initial trading strategy 

based on 𝑇𝑤𝑖𝑡𝑡𝑒𝑟𝑃𝑁 is a bit lower than the average, but close to it. Hence the initial model is most likely not 

an outlier. Regarding AAR, both strategies are better than the Buy&Hold strategy for more than 75% of the 

simulations. The picture is the same when investigating SR as more than 75% of both strategies simulations is 

better than the Buy&Hold. 
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Figure 18: Robustness check with a static model. Red ‘x’ is the outcome of 𝑇𝑤𝑖𝑡𝑡𝑒𝑟𝑃𝑁′𝑠 trading strategies. Yellow line is Buy&Hold’s SR. 

(Own creation) 

Both of the Twitter strategies yields a positive AAR and a SR higher than the Buy&Hold strategy. The results 

are supported by the robustness check. One big drawback of the model is that the tuning process excluded all 

of the sentiment variables, so we had to force it to use it. Likewise, none of the variables are significant. 

5.3.1.4 Part-conclusion 

We saw that it was impossible to AIC-tune a model without excluding all Twitter sentiment variables. 

Therefore, we had to force the regression model to use all Twitter sentiment variables, even if they were 

highly insignificant. Nevertheless, it was possible for the trading strategy to yield a positive AAR(1.8% and 

3.4%) and a SR(1.16 and 1.24) greater than both Buy&Hold and the Base strategies. The robustness check 

supported the results.  

Dismissing the tuning process but however still yielding an acceptable return, can lead to questioning the 

tuning process. 

  News - Positive and Negative  

The News sentiment specified in section 3.4 will be used in the following sections analysis. 

5.3.2.1 The prediction model 

The model is being tuned as specified in section 4.2.4 and hence the three control variables 𝑉𝐼𝑋𝐿3:𝐿5 will be 

kept in the model. In addition to the control variables, the tuned model selected to regress on the following 

variables: 

 

Table 15 shows a selection of the regression output from the model. We can notice that the model does not 

include either Pos or Neg with L1. This is interesting as we would expect lag1 variables to contain the most 

valuable information as it is the most recent available data. We can also notice that the tuned model chose to 

include only include one Neg variable and one Pos variables. 

Regarding the P-values for the individual coefficients, all but the intercept is significant or close to on a 5% 

significance level. This indicates that its coefficients could just as well be zero. One way to interpret the 
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intercept is if everything else is zero, what would the best guess of tomorrows return be. It could be argued, 

that with zero information from the control- or sentiment variables, we would guess of a market return of 

zero. However, as the market, in general, has a positive trend and in the majority of the days have a positive 

return, there are still 43% of the days with a negative return. Hence, we will never expect a significant intercept 

as the statistical probability49 is almost equal between tomorrow having a positive or negative return. 

Regarding the coefficients, we would expect the Pos and Neg variable to be positive50. The Neg variable, 

however, does not have a negative operational sign. However, as the model does not include the first lag, it is 

difficult to interpret whether the operational sign of the variable is as we would expect. A noteworthy 

observation is that as there is only one lag from each of the two sentiment groups, the sentiment group cannot 

sum to zero as the theory of mean reverse suggests. We expected the effect of mean reverse as it is also found 

in most related literature. The mean reverse will let the first lag have its effect on the depended variable, and 

then the following lags will abolish for the first lags effect. Hence, the sum of L2-L∞’s coefficients should 

approximately sum to L1’s coefficient but with an opposite numerical value. The mean reverse suggests that 

the effects of L1 are irrational as the fundamental value of the asset has not changed. In general, by analysing 

the coefficients, we are suspicious of the quality of the model. 

Regarding the 𝑅2 and 𝐴𝑑𝑗. 𝑅2 we do not expect a superior model as we from the literature found the best 

models to have a 𝑅2 close to 0.10. Nevertheless, we cannot use the 𝑅2 as a stamp of quality but rather as an 

indicator. 

 

Table 15: 𝑁𝑒𝑤𝑠𝑃𝑁  output. A complete print can be found in Appendix 8. Coefficients have values of [E-5]=1/100000. “.L1” denotes Lag 

1, “.L2” denotes Lag 2 and so on (Own creation) 

Based on the coefficients and the p-values for these, we initially evaluate the model as reliable. To test the 

quality of the model, we simulate a trading strategy in a later section after investigating the residuals. 

5.3.2.2 Residuals 

To dig deeper into where the profitability comes from or are decreased, this section will look at the precision 

of the predictions through the model’s residuals. Some of the underlying assumptions for linear models will 

 
49 Based on this three-year sample. 
50 As the data in the Neg sentiment variables are negative, the coefficients effect on the predicted value will be the 
opposite of its numerical sign. Hence, a negative coefficient for Neg.L2 predicts a positive return.  

Variables
Coefficients 

(E-5)
P-value

Intercept 171.300 0.2286

VIX.L3 -56.560 0.0041

VIX.L4 111.100 0.0000

VIX.L5 -42.430 0.0388

Pos.L2 -0.237 0.0316

Neg.L4 0.467 0.0596

R^2 0.0518

Adjst. R^2 0.0438

News prediction model
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also be analysed. The bigger the difference between the real daily return and the predicted daily return, the 

bigger the residual and the worse the precision of the predictions. The residuals are calculated as: 

𝜀 = 𝑅𝑒𝑡𝑢𝑟𝑛 − 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝑟𝑒𝑡𝑢𝑟𝑛 = 𝑌𝑖 − �̂�𝑖 

 

Table 16: Summary statistics of the residuals from the 𝑁𝑒𝑤𝑠𝑃𝑁 - model (Own creation) 

Table 16 shows the summary statistics of the residuals. To start from the top, the mean shows a negative value 

indicating that on average, the model predicts the return too high. For the Long-Only strategy and true positive 

returns, this is not a problem, but if the return is negative and the model predicts it to be positive, we might 

buy the ETF and therefore lose money. From a risk-averse investor’s perspective, this is the most problematic 

direction of the errors. If the model instead makes too low predictions, the investor will not lose money but 

only the possibility of a gain when the direction of the return is wrong. For the Short/Long strategy, the investor 

will always lose money on a wrong trading signal. 

With a positive median, the residuals are mostly positive, together with the negative mean, the model must 

have some large negative residuals relative to the size of the positive residuals. As explained above, it is not 

irrelevant when the residual is positive or negative. For the investor, it is all about predicting the right direction 

and not the exact return, which is why the direction of the return will be analysed in a later section. It is possible 

to conclude that the distribution of the residuals is not symmetric, also indicated by the negative skewness. 

For the linear relationship to be accepted, there must be no patterns in the errors. The rest of this section will 

dig deeper into this. 

With a standard deviation only a little lower than the mean, statistically, it is not possible to reject that the 

mean could be zero when not using this exact sample. A residual mean of zero is one of the linear model’s 

assumptions since we should be able to expect the predicted return to be equal to the real return. This 

assumption is fulfilled. Another related assumption is that the residuals should be normally distributed. A 

kurtosis higher than three indicates that the residuals are t-distributed. This distribution has the same shape 

as the normal distribution but with heavier tails. The assumption about the distribution is not fulfilled. To see 

the distribution and Normal Quantile Plot, go to Appendix 9. 

Mean -0.0004645

Standard error mean 0.0002867

Median 0.0001614

Standard deviation 0.0078299

Variance 0.0000613

Kurtosis 5.8619755

Skewness -1.0652662

Minimum -0.0495540

Maximum 0.0326470

Sum -0.3465193

N 746

Residuals
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Figure 19: Plot of the residuals from the 𝑁𝑒𝑤𝑠𝑃𝑁  - model (Own creation) 

In Figure 19, the residuals can be seen over time. As expected, there are some big negative residuals in 

comparison to the size of the positive residuals. The lowest negative residual is -0.04955, while the biggest 

positive residual is 0.03265. Only three residuals are bigger than 2% while several negative residuals are lower 

than -2%. 

The first negative spike that catches the eye is on 24-06-2016, the first day after the election about Brexit. The 

Brexit decision in the UK had an extreme impact on the price of the index that the model was not able to 

explain. Since the result of the election was announced this day, the model would not include this sentiment 

before the day after. Because of the fear on the day of the election, the model was not able to predict a 

negative return on the 24-06-2016, but the extreme decrease was seen in the model a few days later. Here 

there is a big disadvantage in the model. Since the result of the election was published on a Friday, the market 

could not react the following two days, and we do not have sentiment data for these two days. Instead, the 

model predicted a strongly negative return on the 29-06-2016. The biggest negative residual is on the 05-02-

2018. The explanation of the big drop in values, was possibly because of inflation uncertainty in the US51 that 

also affected several other big American stocks. For DJIA it was a new intraday record with the biggest 

decrease. The return dropped over 5% but already the day after the price rose with 3,3%. The model was able 

to predict both a negative return on the first day and then a positive return the day after, but the extreme 

change was not explained. 

Surprisingly the model seems to be best at predicting the return in 2017 and have a hard time predicting in 

2018. This big residuals in 2018 can be a clear result of the changing stock price volatility, as mentioned in the 

section about the return variable. In general, the residual plot is almost identical to the plot of the returns over 

time. This can indicate that the model tends to make prediction too close to zero instead of explaining the 

major changes. The much changing volatility makes another linear assumption rejected since this indicates 

some sort of pattern in the residuals. 

 
51 (CNN Business, 2018) 
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Figure 20: Residuals plotted against the true returns for the 𝑁𝑒𝑤𝑠𝑃𝑁 - model (Own creation) 

The assumption about predictions being too close to zero is accompanied by Figure 20. When the residuals 

are plotted against their true value, the residual and the actual return are close to being equal since the points 

are almost placed perfectly on a 45-degree line. Said differently the value of the residual and the return is 

almost the same, making the predicted value close to zero. This also does not fulfil the linear assumption about 

independence between the residuals and the dependent variable since big returns have big residuals, and the 

low return has low residuals. 

 

Figure 21: Residuals plotted against their predicted value for the 𝑁𝑒𝑤𝑠𝑃𝑁  - model (Own creation) 

Another relation to test is the relation between the predicted values and the residuals (see Figure 21). Again 

there should be no patterns or trends to find. From the plot, it is hard to see any patterns. Remarkable is the 

point closest to the right. Even though the predicted value could look like an outlier, the residual is close to 

zero. However, other than that single point, there is no evidence that the model is good at predicting 

huge/small returns. At the same time, it can also be seen that many of the predictions close to zero have the 

largest residuals, which again indicates that the model makes predictions too close to zero. 

5.3.2.3 Return 

Table 17 states the return outcome for our trading strategy carried out based on the 𝑁𝑒𝑤𝑠𝑃𝑁-regression 

model and following the restriction stated in section 5.2. The results are presented next to the results of 

trading strategies the Base- and Buy&Hold model. In general, 𝑁𝑒𝑤𝑠𝑃𝑁 does outperform both the Buy&Hold 
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and Base strategy. Therefore, both strategies of the 𝑁𝑒𝑤𝑠𝑃𝑁-model generates a positive AAR. As a positive 

AAR is one of the most crucial performance goals, it is good to see it pass this test even though it is not by far. 

When considering the risk of the strategies, the lowest volatility is found in the strategies that are Long-Only. 

We can see that the best SRs are found within our two News trading strategies. Including risk as a measure of 

the quality of the model, adds an advantage to our models compared to the Buy&hold and Base strategies. 

When comparing the return of the two strategies derived from the 𝑁𝑒𝑤𝑠𝑃𝑁-model, Long-Only and Short/Long 

strategies, we can see that the Short/Long strategy yield the largest return. Nevertheless, for Short/Long, 

82.3% of the return is generated from having a long position while only 17.7% is generated from being short 

in the market. So even though the market went up 57% of the days in those three years, we would expect the 

short positions being able to yield a higher return. Hence, it indicates that the model is not equally good at 

predicting negative market return compared to a positive return. This will be analysed in the later section; 

6.3.1.4 Trading Positions. 

Comparing the two Base strategies with the two News strategies, it is clear that News sentiment strongly 

improve the model, even though it only contributes with two variables where VIX contributes with three. 

Adding News sentiment to the Base model change the AAR from being negative to positive. The results suggest 

News Sentiment data to be relatively useful compared to VIX data by itself. 

 

Table 17: Return from Long-Only and Short/Long for both the Base model and 𝑁𝑒𝑤𝑠𝑃𝑁 - model (Own creation) 

To get an understating of the development of the return of the trading strategy during the three-year period, 

we can look at Figure 22. We can see how the two trading strategies end up with a return close to the 

Buy&Hold strategy consistent with the results from Table 17. Moreover, in the majority of the time, our two 

trading strategies seems to be better on an aggregated basis than the Buy&Hold strategy. However, there are 

also nine months from July 2017-April 2018, where the Buy&Hold is ahead of both our strategies. We can 

notice that most of the time, none of our models can yield a much higher return than the Buy&Hold strategy 

exempt for a few days in February 2018. Both strategies catch-up on Buy&Hold in those few days by either 

avoiding or gaining a lot on some rough days for DJIA. The Short/Long strategy manages to change its positions 

perfectly forth and back between short and long those critical days. 

Another observation from that period is that even though the Short/Long strategy is outperforming the 

Buy&Hold in the end, the status of which mode is best at any day, change several times. 

Long-Only Short/Long Long-Only Short/Long

$ Return 6,266 5,926 5,443 8,246 10,011

Return 37.1% 35.1% 32.2% 48.8% 59.3%

Annualised Return 11.2% 10.6% 9.8% 14.3% 16.9%

Annual Abnormal return -0.5% -1.3% 3.1% 5.7%

Volatility 12.5% 11.6% 12.5% 10.8% 12.5%

Sharpe Ratio 0.788 0.905 0.760 1.397 1.485

Buy&Hold
Base News Trading
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Figure 22: Plot of indexed equity curve for 𝑁𝑒𝑤𝑠𝑃𝑁’s two trading strategies with no trading cost. Index Open is the index of the DJIA 

opening price, which is similar to a Buy&Hold strategy (Own creation) 

5.3.2.4 Trading position 

For our trading strategy, precision is not the most crucial factor when trying to explain the profitability/return. 

Since this strategy trades based on signals (buy/sell) based on the direction of the predicted returns 

(positive/negative) we also have to analyse the trading positions to see where the profitability arises from. If 

the predicted return has the correct direction, it does not matter for the profitability whether the residual was 

large or small, positive or negative. 

 

Table 18: (a) Number of correct and wrong predictions/signals, (b) Number of correct and wrong trades for the 𝑁𝑒𝑤𝑠𝑃𝑁 - model. Values 

under wrong sell (buy) are the number of times the model predicts a sell (buy) but should have predicted the opposite (Own creation) 

The number of correct and incorrect predicted signals (a) and trades (b) are shown in Table 18. Not 

surprisingly, the model has most wrong signals in 2018 (116). From the residuals, it was clear that the model’s 

precision was most accurate in 2017 and had the highest volatility in 2018. Surprisingly the residuals for 2016 

were more volatile than for 2017, 2016 has the highest amount of correct signals (56.3%) and the lowest 

amount of wrong signals (43.7%). In general, the number of correct signals is not changing much over the 

(a) Buy Sell
Correct 

signals
Sell Buy

Wrong 

signals

2016 104 35 139 (56.3%) 34 74 108 (43.7%)

2017 107 31 138 (55.2%) 41 71 112 (44.8%)

2018 112 21 133 (53.4%) 25 91 116 (46.6%)

Total 323 87 410 (55.0%) 100 236 336 (45.0%)

(b) Buy Sell
Correct 

trades
Sell Buy Wrong trades

2016 22 17 39 (48.1%) 23 19 42 (51.9%)

2017 28 20 48 (55.8%) 23 15 38 (44.2%)

2018 24 14 38 (55.1%) 21 10 31 (44.9%)

Total 74 51 125 (53.0%) 67 44 111 (47.0%)

Correct Wrong
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three-year period, while the number of positive and negative signals individually changes a lot from 2016 and 

2017 to 2018. The seems to have a tough time explaining the changes in the stock price for 2018 relatively to 

2016 and 2017. The model has an accuracy of 55%, meaning that in 55% of the time, the strategy is in the right 

position. It can also be seen that the model is much better at predicting positive than negative returns, as the 

returns analysed in the previous chapter indicated. 76.36% (323/423) of the positive returns are predicted 

correctly, while only 26.93% of the negatives are predicted correctly. 

Because of the restriction not to add new cash to the trading strategies, the strategy does not trade every day 

but sometimes hold the position from the day before. For the Long-Only strategy, it is possible to be out of 

the market for several days. Therefore it is interesting to know how many of the correct and incorrect signals 

we trade upon to know where the profitability comes from. The number of correct and incorrect trades are 

shown in Table 18(b). Since the strategy trades 236 times (125+111), we are only trading 32% of the time and 

then being passive in the 68% of the time. The accuracy of the active positions is lower for 2016 and 2018 than 

the general accuracy while the accuracy of the active positions is higher than the general accuracy in 2017. 

This can indicate that it would be better to go wit5h a more passive strategy with more positions in the market. 

The same conclusions are found for the Short/Long model, see Appendix 10. 

5.3.2.5 Robustness check 

To test the robustness of the model and the usability of the data, we will do a robustness-check similar to the 

ones described in section 6.2.3. However, this time both the static and a dynamic model will be analysed. 

5.3.2.5.1 A static model with shuffled data 

The variables included in the prediction model, 𝑁𝑒𝑤𝑠𝑃𝑁, are kept the same while the coefficients are allowed 

to change. A Boxplot of the AAR and the SRs of the simulations can be seen in Figure 23, where the initial 

strategy, the one described above, is marked with a red ‘x’. 

We can notice that in all cases, the result from our initial trading strategy is close to or above the 3rd quantile, 

however, far within the 95th percentile. Further, several things are worth noticing. 

- For AAR, 75% of the simulations for both strategies have an AAR greater than 0, which is one of the 

criteria’s we have focused on. We can also see that the Short/Long is on average a better strategy than 

Long Only, consistent with our initial strategy. The variance of the AAR results is larger for Short/Long than 

Long-Only, similar to how the Short/Long trading strategy had larger volatility than the Long-Only. Overall, 

it looks like the AAR results are normally distributed52. 

- For the SR, 75% of the simulations for both strategies have a SR larger than the Buy&Hold strategy, which 

is another critical criteria for the quality of the model. We can see that the Long Only on average is better 

than Short/Long. This result is not consistent with our initial model. The variance of the SR is similar to the 

AAR higher for the Short/Long strategy relative to the Long Only. Overall, it looks like the AAR results are 

normally distributed53. 

 
52 Appendix 11 shows the distribution of both strategies AAR 
53 Appendix 12 shows the distribution of both strategies SR 
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Figure 23: Robustness check with a static model. Red ‘x’ is the outcome of 𝑁𝑒𝑤𝑠𝑃𝑁′𝑠 trading strategies. Yellow line is Buy&Hold’s SR. 

(Own creation) 

5.3.2.5.2 A dynamic model with shuffled data 

The prediction model is being tuned for each simulation. Hence the included variables may differ from 

𝑁𝑒𝑤𝑠𝑃𝑁. A Boxplot of AAR and SR of the simulations can be seen in Figure 24. 

The boxplots of the 750 simulations with a dynamic model is overall similar to results found in the simulations 

of the static model. Once again, about 75% of the simulated results had for both trading strategies an AAR 

above 0% and a SRn higher than the Buy&Hold strategy. However, there are some differences. One is that the 

mean for both AAR and SR of the simulations is closer to our initial model and hence higher than what we 

found in the static simulations. Another observation is how the volatility of the results have increased further 

than what we found in the static simulations. Overall, the boxplots indicate that the data is usable as well when 

re-tuning the model at each simulation and hence, 𝑁𝑒𝑤𝑠𝑃𝑁 was not a one-time lucky model. Even though the 

results seem promising, we must remember that the strategy has not considered different kinds of trading 

cost. Including trading-cost will likely devaluate the strategy significantly. 
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Figure 24: Robustness check with a dynamic model. Red ‘x’ is the outcome of 𝑁𝑒𝑤𝑠𝑃𝑁′𝑠 trading strategies. Yellow line is Buy&Hold’s 

SR. (Own creation) 

5.3.2.6 Part conclusion 

In this analysis of the two trading strategies based on the 𝑁𝑒𝑤𝑠𝑃𝑁 - model we have found indications of News 

sentiment adding valuable information when predicting market return. Both strategies yield a higher AAR and 

SR than the Buy&Hold model and the Base models. When analysing the equity curve, we found the strategies 

to be vulnerable of taking the wrong position in a few crucial days. From both the return and trading positions 

sections, we saw the model were better at predicting positive index return than negative. From the residual 

sections, we saw that the model had a hard time predicting returns far from zero as most predictions are close 

to zero. 

By doing a robustness check, we could add validation to the outcome and analysis of the initial model as both 

AAR and SR passed our critical criteria for both the dynamic and static simulations. When assessing which 

strategy to prefer, we cannot determine it based on the AAR as higher expected return is associated with 

higher volatility. However, the SR is pointing at the Long-Only strategy as the best as it has both higher 

expected SR and lower volatility than the Short-Long strategy. An interesting observation is that the returns 

are very similar to those found for the 𝑇𝑤𝑖𝑡𝑡𝑒𝑟𝑃𝑁 -strategies. 

 Testing the realism 

The previous section analysed the return of a trading strategy based on the 𝑁𝑒𝑤𝑠𝑃𝑁 - model, however, 

without considering the trading cost. This section will apply the trading cost specified in section 4.3. However, 

briefly, they consist of a brokerage cost, a Daily deposit interest and a Loan of securities. Applying these costs 

to the model should worsen its result as any other position than being long in the market has a cost. The 

section has three purposes: 1) To test the realism of the trading strategies’ return, 2) to compare the strategies 

return with and without cost, to understand the effects of trading cost and 3) as a bridge to the remaining 

analysis which will include cost for all trading strategies.  

All the following results in this paper will account for trading cost. 
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5.3.3.1 Return 

The return of both Long-Only and Short/Long is based on the 𝑁𝑒𝑤𝑠𝑃𝑁 -model which is presented in section 

5.3.2.1. Table 19 the results of the trading strategies accounting for trading cost. 

 

Table 19: Return from Long-Only and Short/Long with trading cost, for both Base model and News 𝑁𝑒𝑤𝑠𝑃𝑁 - model. (Own creation) 

It can be noticed that the return for both Base strategies now yields a higher return after applying trading 

costs. This is a bit counterintuitive, but the reasons for this lies in the applied thresholds, which makes the 

Base strategies trade fewer times (See section 4.3.1 for elaboration). Therefore, it is not the trading cost, but 

rather thresholds for when to trade that improves the model. Thresholds work a bit like a confidence band for 

a trading strategy, meaning that the prediction model should predict a relatively higher return before the 

strategy will act on it. In this case, the fewer trades are improving the Base strategies, by only making fewer 

bad decisions. One could speculate that an applying threshold (and not trading cost) could improve, not only 

a bad but also a good trading strategy. 

The News strategies, on the other hand, is having its return reduced, as it would be expected. It can be noticed 

that both AAR and Sharp Ratio was reduced, AAR for the Long-Only strategy went from 3.8% to 1.5% and from 

6.7% to 2.8% for Short/Long. The effects were greatest for the Short/Long strategy as it returns was reduced 

by 23% while the Long Only were only reduced by 15%. The difference between these results and those from 

the same strategies without cost will primarily come from trading cost but could also be a result of fewer 

trades due to thresholds. Saying it primarily comes from trading cost, can be supported by the SR, at least for 

the Long-Only strategy. It is reduced by around 17%54, indicating that the risk parameter has not decreased 

equally with the return. That would, therefore, indicate that the lower yielded return is a consequence of 

trading cost rather than less trading risk. 

Figure 25 plots the development of the equity curve of the strategy with costs. The curve is consistent with 

Table 19 as the curve, just like the return, have decreased after applying trading costs. Even though the curve 

is less steep, it is very similar to the Equity Curve of the 𝑁𝑒𝑤𝑠𝑃𝑁 trading strategy that did not consider the 

trading cost. This is also supported by the correlation between the strategies with and without costs. For the 

Long-Only strategy, the two curves have a correlation of 99.5% and the correlation for Short/Long is 98.4%. 

The lousy period in the last six months of 2017 is found in both equity curves. Nevertheless, their similarities 

are not surprising as they, after all, are based on the same model. 

 
54 17% for the Long Only and 22% for the Short/Long strategy. 

Long-Only Short/Long Long-Only Short/Long

$ Return 6,266 6,159 5,927 7,042 7,715

Return 37.1% 36.5% 35.1% 41.7% 45.7%

Annualised Return 11.2% 11.0% 10.6% 12.4% 13.4%

Annual Abnormal return -0.2% -0.5% 1.2% 2.3%

Volatility 12.5% 11.9% 12.5% 10.9% 12.5%

Sharpe Ratio 0.788 0.916 0.837 1.159 1.120

Buy&Hold
Base News Trading
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Figure 25: Plot of indexed equity curve for 𝑁𝑒𝑤𝑠𝑃𝑁’s two trading strategies with trading cost. Index Open is the index of the DJIA opening 

price, which is similar to a Buy&Hold strategy (Own creation) 

5.3.3.2 Trading positions 

We have now been analysing the trading positions for the 𝑁𝑒𝑤𝑠𝑃𝑁 model without cost and will now dig deeper 

into the trading positions for the model with costs. Since the predictions (and so the residuals) are not affected 

by including the trading costs, the only way to compare accuracy is by looking at the trading positions. To 

refresh, the trading strategy will only predict a trade if the predicted return is higher than the upper threshold 

or lower than the lower threshold. This is included to make sure that we only trade if the gain of the trade 

exceeds the expenses of the trade or that a loss of the trade is smaller than a loss if not traded. The signal 

considered correct is the one from the true returns signal after going through the thresholds. 

 

Table 20: (a) Number of correct and wrong predictions/signals, (b) Number of correct and wrong trades for the 𝑁𝑒𝑤𝑠𝑃𝑁 - model with 

trading costs. Values under wrong sell (buy) are the number of times the model predicts a sell (buy) but should have predicted the 

opposite (Own creation) 

Table 20 shows the number of correct and wrong signals (a) and trades (b) divided into buy and sell 

signals/trades. For the overall accuracy, not much has changed by including trading costs. From Table 20(a) it 

(a) Buy Sell
Correct 

signals
Sell Buy

Wrong 

signals

2016 112 31 143 (57.9%) 28 76 104 (42.1%)

2017 113 18 131 (52.4%) 35 84 119 (47.6%)

2018 121 14 135 (54.2%) 16 98 114 (45.8%)

Total 346 63 409 (54.8%) 79 258 337 (45.2%)

(b) Buy Sell
Correct 

trades
Sell Buy Wrong trades

2016 12 14 26 (49.1%) 12 15 27 (50.9%)

2017 13 8 21 (52.5%) 12 7 19 (47.5%)

2018 16 8 24 (58.5%) 13 4 17 (41.5%)

Total 41 30 71 (53.0%) 37 26 63 (47.0%)

Correct Wrong
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can be seen that instead of 410 correct signals, there are now 409. The only decrease in accuracy was in the 

year of 2017, going from 55.2% to 52.4%. The biggest positive change was in the year of 2016 with four new 

correct signals, which is a result of 8 new correct buy signals but four fewer correct sell signals. More correct 

buy signals and fewer correct sell signals is a trend that can be found for all three years meaning that the 

model is still better at predicting buy signals (positive return). For the Long-Only strategy, the increased 

number of wrong negatives are as explained several times earlier, the most dangerous outcome for the risk-

averse investor. 

For the active trades, seen in Table 20(b), the conclusion is almost the same. The overall accuracy of the three-

year period has not changed at all, and again the accuracy is a result of a relatively high buy-accuracy. The 

biggest positive change is now seen for the year 2018 with an accuracy increase from 55.1% to 58.5% while 

2017 still has the only decline, going from 55.8% to 52.5%. The biggest difference here is the number of trades 

making the exact number of buy and sell and correct and wrong hard to compare. The total number of trades 

has gone from 263 (32%) to 134 (18%) trades. This makes perfect sense as some of the trades made before 

are not fulfilling the thresholds. Since the model only trades 18% of the possible trading days, it is less sensitive 

to the size of the trading costs and will be more similar to the Buy&Hold strategy. This might explain why the 

returns are not affected much by including trading costs. 

The finding for the Long-Only strategy is almost equal to the findings for the Short/Long strategy, meaning that 

the shorting cost only has a small influence on the number of correct predictions and trades. To see the exact 

numbers in a table like Table 20, see Appendix 13. 

 Part Conclusion 

For the analysis of the Index specific sentiment, data from Twitter and News were used. Data from each source 

were aggregated into a Positive- and Negative sentiment variable. Hence, two sentiment variables for each 

data source were created. By including the variables lagged values five days back, the two regression models 

had 10 sentiment variables at disposal. 

The chosen tuning process had troubles with the Twitter sentiment variables, as it excluded all of them. 

Nevertheless, by forcing the prediction model to use Twitter sentiment, a positive return for Long-Only and 

Short/Long was obtained. The Twitter strategies had a slightly positive AAR for both strategies, when not 

considering trading costs. 

The 𝑁𝑒𝑤𝑠𝑃𝑁- model showed indications of mean reverse in its coefficients. Before applying trading cost, the 

model showed slightly better AARs than the Twitter model and still slightly positive AARs after applying trading 

costs.  

The yielded return, for both data sources’ trading strategy, were significantly better for the Short/Long 

strategies than the Long-Only. Further, all results of sentiment trading strategies, even after applying trading 

cost, were better than its related base and Buy&Hold strategy. This indicates that an investor can earn an extra 

profit by using index-specific Twitter and News proxies for IS. 

 

5.4 Trading strategies with market-general sentiment 

This section will analyse different models based on sentiment data from the general market and used on 

DJIA return. 
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  News - Bullish and Bearish 

As an alternative to the classic measures of News sentiment, as we just did in 5.3.1, we will try to test the 

usability of measuring News sentiment with the volume of News containing the words “Bullish” or “Bearish”, 

also specified in section 3.4.3. 

5.4.1.1 The prediction model 

The model is being tuned as specified in section 4.2.4 and hence the three control variables 𝑉𝐼𝑋𝐿3:𝐿5 will be 

kept in the model. In addition to the control variables, the tuned model selected to regress on the following 

variables: 

 

We will look into the table to analyse the coefficients. Firstly, we can notice that the first lag for Bullish and 

Bearish are highly significant. The intercept, on the other hand, is far from significant and is hence likely to be 

zero, and similar to what we found for the 𝑇𝑤𝑖𝑡𝑡𝑒𝑟𝑃𝑁 𝑎𝑛𝑑 𝑁𝑒𝑤𝑠𝑃𝑁. Four of the five sentiment variables are 

significant on a 10% level, while Bullish.L4 has a p-value of 12.7% 

Regarding the size of the coefficients for both Bullish and Bearish, their absolute values are approx. -2.5 larger 

in L1 than their L2 values. This might be explained by the effects of Mean reverse55. That is not quite the case 

for these coefficients. It could be argued, that including all lags of each sentiment group (Bullish and Bearish) 

would be needed to see a clear mean reverse. Finally, we can see how the coefficients of the Bullish sentiment 

group looks like a damped sinus wave which indicates that Bullish News is predicting a damped, however, 

reversed effect on market return. 

Regarding whether the coefficients are positive and negative, both Bullish.L1 and Bearish.L1 have the 

operational sign we would expect56. When more News has contained the word Bullish, the stock market will 

be followed by an increase while the opposite will happen for an increase in mentions of the word Bullish. It 

seems that the effects of the Bearish variable are stronger than the effects of Bullish as the coefficients are 

larger. However, as presented in section 4.4.2 for the data’s descriptive statistic, we should keep in mind that 

there is simply more News mentioning Bullish than Bearish. Therefore, because Bullish News is rarer than 

Bearish News, a percentage change equally large in their volume would lead to a more even effect on the 

model's predictions. Based on the coefficients, we cannot determine if Bearish or Bullish has the most 

“control” of the prediction. 

 
55 Mean reverse is elaborated in section 5.3.2.1. 
56 Both Bearish and Bullish observations have positive values, as they are simply a counting of news. Opposite of 
Positive and Negative which is sentiment variables.  
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Table 21: 𝑁𝑒𝑤𝑠𝐵𝐵  output. A complete print can be found in Appendix 14. Coefficients have values of [E-5]=1/100000. “.L1” denotes Lag 

1, “.L2” denotes Lag 2 and so on (Own creation) 

Based on the coefficients and the p-values for these, we initially evaluate the model as reliable. The coefficients 

of the four variables are moving in the same direction as we would intuitively expect. One let-down of the 

model is the insignificant intercept, which we, however, will not exclude. To test the quality of the model, we 

simulate a trading strategy in a later section. 

5.4.1.2 Residuals 

In order to compare the different types of News, we also must analyse where the profitability comes from 

through the residuals for this type of News variables. The structure and formulas used in the previous residual 

section for the firm-based News will also be used here. Therefore, to see how the residuals are calculated, see 

section 6.3.1.2. 

 
Table 22: Summary statistics of the residuals from the 𝑁𝑒𝑤𝑠𝐵𝐵 - model (Own creation) 

The summary statistics of the residuals are listed in Table 22. The negative mean indicates that the model, in 

general, tends to make predictions that are too high just as the previous model. However, the precision of this 

model seems to be higher than the previous model with firm News. 

This model, in contrast to the previous, has a negative median indicating that most of the residuals are 

negative. As already mentioned, it is not irrelevant when the residuals are positive or negative. A negative 

residual can because of a negative return being predicted positive, which is the worst outcome for a risk-averse 

investor. The mean and median being more equal tells that the distribution of the residuals is now more 

Variables
Coefficients 

(E-5)
P-value

Intercept -308.400 0.4587

VIX.L3 -41.950 0.0310

VIX.L4 106.800 0.0000

VIX.L5 -45.820 0.0243

Bearish.L1 -7.152 0.0000

Bearish.L3 2.535 0.0668

Bullish.L1 4.926 0.0000

Bullish.L2 -2.238 0.0644

Bullish.L4 1.712 0.1270

R^2 0.0934

Adjst. R^2 0.0811

News prediction model

Mean -0.0004148

Standard error mean 0.0002779

Median -0.0000103

Standard deviation 0.0075916

Variance 0.0000576

Kurtosis 5.6013754

Skewness -0.9384936

Minimum -0.0486786

Maximum 0.0319750

Sum -0.3094123

N 746

Residuals
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symmetrical. The standard deviation is still high relative to the mean and median. This indicates that we cannot 

reject that the mean of the residuals is equal to zero. With a kurtosis bigger than three the residual still does 

not seem to be normally distributed. The residuals are then again more likely to be t-distributed and therefore 

not fulling the assumption. For Normal Quantile Plot and distribution plots, see Appendix 15. 

 

Figure 26: Residuals from the regression over time from the 𝑁𝑒𝑤𝑠𝐵𝐵 - model (Own creation) 

Figure 26 shows the residuals as a time series. The plot shows no clear patterns but as expected, there are a 

few very negative residuals, and the plot seems very identical to the residuals for the previous model, but with 

smaller residuals. The positive residuals seem mainly to be lower than 2% while there are periods with several 

negative residuals below -2%. 

Again the uncertainty and decision regarding Brexit give the first highly negative residual on 24-06-2016. Also 

again the tremendous decline in February 2018 results in bigger fluctuations in the residuals. Worth noticing 

is that this model was able to predict a negative return both on the Brexit day, but also the decline in February 

2018 was predicted. This could indicate a difference between using aggregated firm sentiment and general 

market sentiment measures. Another finding worth notice is that this model also seems to have a hard time 

predicting the returns in the beginning and at the end of our period. Especially in 2018, the precision of the 

predictions is relatively poor. The variance of the residuals does not have constant variance, which is also 

assumed using the linear model. Nevertheless, there are no signs of trend or seasonality in the residuals that 

can indicate systematic errors. 

 
Figure 27: (a) Residuals plotted against the true returns (b) Residuals plotted against the predicted returns from the 𝑁𝑒𝑤𝑠𝐵𝐵 - model 

(Own creation) 
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In Figure 27, the residuals are plotted against their true return and predicted return. From the first plot (a) the 

residuals are not independent of the dependent variable. It can be seen that very high returns have big 

residuals and low returns small residuals. This shows again that the model has a hard time predicting the 

relatively extreme returns. The points almost perfectly fit a 45-degree line indicating that the model often 

predicts returns close to zero, so that the residuals are almost equal to the true return. The second plot (b) 

shows no sign of patterns or problematic dependencies besides the few highly negative returns as expected. 

The residuals are nicely placed around zero with close to an equal number of residuals on the positive and 

negative side. 

5.4.1.3 Return 

The returns of our two trading strategies are presented in Table 23, along with the Base model. We can see 

that the two News trading strategies perform very well and yield a relatively high AAR and SR. We can also 

notice that the Short/Long strategy yields an almost twice as high return than the Long-Only strategy. 

When investigating the Short/Long strategy, we can see that 61% of its return is generated from being long in 

the market while 39% is generated from being short in the market. From those numbers, we would think the 

model is best at generating a return from a growing market. However, as also earlier mention, we should keep 

in mind that the market is most frequently growing and therefore easier to generate money on. 

 

Table 23: Return from Long-Only and Short/Long for both the Base model and 𝑁𝑒𝑤𝑠𝐵𝐵 - model. Returns account for trading costs (Own 

creation) 

To understand how the return is generated over the three-year period, we can look at Figure 28, which shows 

the development of the equity curve. It is interesting to see how both strategies have some trouble 

outperforming the Buy&Hold for the first two years. For both models, it is in the trading periods’ third year, 

2018, they generate their large return. All starting at the beginning of February 2018 similar to the strategies 

we saw based on the 𝑁𝑒𝑤𝑠𝑃𝑁-model. It is in February 2018 DJIA for the first time has a larger negative return 

and starts the beginning of a more volatile year. The beginning of February 2018 started with the DJIA’s worst 

week in two years but followed by its best week in 5 years, mostly as a result of inflation uncertainty in the 

US57. The volatility is good for an active trading strategy as the key for any trading strategy with the goal of 

outperforming a Buy&Hold strategy, is a market which growth or decline is not constant. 

 
57 (CNN Business, 2018) 

Long-Only Short/Long Long-Only Short/Long

$ Return 6,266 6,159 5,927 10,015 16,151

Return 37.1% 36.5% 35.1% 59.3% 95.6%

Annualised Return 11.16% 11.0% 10.6% 16.9% 25.2%

Annual Abnormal return -0.2% -0.5% 5.7% 14.1%

Volatility 12.5% 11.9% 12.5% 9.6% 12.5%

Sharpe Ratio 0.788 0.916 0.837 1.938 2.459

Buy&Hold
Base News Trading
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Figure 28: Plot of the indexed equity curve for 𝑁𝑒𝑤𝑠𝐵𝐵’s trading strategies. Index Open is the index of the DJIA opening price which is 

similar to a Buy&Hold strategy (Own creation) 

5.4.1.4 Trading position 

We analysed the residuals earlier in section 5.3.1.2 and found the model’s ability to make accurate predictions, 

and now the model's ability to predict the right direction of the return will be analysed. The number of correct 

predictions divided into positive and negative predictions is shown in Table 24(a). 

From the table, the number of correct signals changes much during the three-year period. 2017 is the year 

where the model makes the most correct predictions (62.0%). This was also the year with the most stable and 

smallest residuals. Even though 2018 had more volatile and bigger residuals, it has more correct predictions 

than 2016 with 57.9% correct predictions vs 54.3%. The model has over the entire three-year period correct 

trading predictions 58.0% of the time. We can see that 2018 is the year with the most wrong buy signals (71). 

This means that 71 times the model predicted the return to be positive (buy), but it was negative (sell). In that 

way, the investor would if he traded upon it have lost money 71 times that year because of the wrong signal 

and lost the possibility of a gain 34 times. For the risk-averse investor that would like to be more secured from 

times where the index is going down, the year of 2018 could be seen as the year with the worst model 

performance as this year has the high share of wrong buy signals and a low share of correct sell signals. In this 

setting, 2017 was clearly the best year with many correct sell signals and a low share of wrong buy signals. 
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Table 24: (a) Number of correct and wrong predictions/signals, (b) Number of correct and wrong trades from the 𝑁𝑒𝑤𝑠𝐵𝐵 - model. 

Values under wrong sell (buy) are the number of times the model predicts a sell (buy) but should have predicted the opposite (Own 

creation)  

The number of wrong and right trades is shown in Table 24(b). Out of 276 trades, 159 of them were correct 

and 117 where wrong giving the model an active trading accuracy of 57.6%. 

In general, this model with Bullish and Bearish as an indicator of IS has higher accuracies than the 𝑁𝑒𝑤𝑠𝑃𝑁- 

model in both 2017 and 2018. The overall accuracy rose from 55.0% to 58.0% and for the active positions from 

53% to 57.6%. The number of wrong signals and trades rose but as the number of trades also increased the 

accuracy ended of being higher than for the previous 𝑁𝑒𝑤𝑠𝑃𝑁-model. The share of active trading rose from 

32% to 37%. To sum up, an explanation of the improved profitability can be a lower amount of wrong 

predictions and a higher accuracy. 

The finding for the Long-Only strategy is almost equal to the findings for the Short/Long strategy, meaning that 

the shorting cost only has a small influence on the number of correct predictions and trades. To see the exact 

numbers in a table like Table 24, see Appendix 16. 

5.4.1.5 Robustness check 

To test the robustness of the model and the usability of the data, we will do a robustness check with the same 

approach as section 6.2.3. However, the analysis of the 750 simulations of the static model and 750 simulations 

with the dynamic model, will be done together in the following section, as the results are very similar. A boxplot 

of the results can be seen in Figure 29 and 30. 

(a) Buy Sell
Correct 

signals
Sell Buy Wrong signals

2016 96 38 134 (54.3%) 44 69 113 (45.7%)

2017 109 46 155 (62.0%) 39 56 95 (38.0%)

2018 103 41 144 (57.8%) 34 71 105 (42.2%)

Total 308 125 433 (58.0%) 117 196 313 (42.0%)

(b) Buy Sell
Correct 

trades
Sell Buy Wrong trade

2016 22 21 43 (45.7%) 26 25 51 (54.3%)

2017 32 26 58 (64.4%) 19 13 32 (35.6%)

2018 30 28 58 (63.0%) 18 16 34 (37.0%)

Total 84 75 159 (57.6%) 63 54 117 (42.4%)

Correct Wrong
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Figure 29: Robustness check with a static model. Red ‘x’ is the outcome of 𝑁𝑒𝑤𝑠𝐵𝐵′𝑠 trading strategies. Yellow line is Buy&Hold’s SR. 

(Own creation) 

 

Figure 30: Robustness check with a dynamic model. Red ‘x’ is the outcome of 𝑁𝑒𝑤𝑠𝐵𝐵′𝑠 trading strategies. Yellow line is Buy&Hold’s 

SR. (Own creation) 

Of all 2 times 750 simulations, there was only one single simulation that had an AAR lower than zero and none 

with a SR less than the Buy&Hold strategy. This results strongly supports the validity of our initial model, 

𝑁𝑒𝑤𝑠𝐵𝐵. The initial model's results, marked with a red cross, is in some cases low and some higher than the 

mean and median of the boxplots. However, in all cases, within the first and third quartile. That could indicate 

that the initial model was not unrealistic. 

From the simulations, we find the same relation between the two strategies by finding the Short/Long to yield 

a higher AAR and SR than the Long-Only. One exception is the lower mean of SR for the Short-Long strategy in 

the dynamic model. However, the Short/Long seems best; the volatility for the simulated results of the 

Short/Long strategy is much higher than the Long-Only. However, even when considering the volatility of the 

results, and comparing their AAR distributions, ~50% of Short/Longs results are higher than all the Long-Only’s 
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which suggest the Short/Long yields the highest return for the 𝑁𝑒𝑤𝑠𝐵𝐵 -model. The results of the simulations 

are close to normally distributed. 

5.4.1.6 Part Conclusion 

In the analyses of the coefficients, we found some signs of mean reverse, which however was not perfect but 

more noticeable than for the 𝑁𝑒𝑤𝑠𝑃𝑁 -model. We found both the AAR and SR for Long-Only and Short/Long 

to outperform the Buy&Hold and Base model by far. The difference between the Base model and 𝑁𝑒𝑤𝑠𝐵𝐵 

indicated that sentiment could be valuable data when predicting the index return. By analysing the 

development of the equity curve, we could see that both strategies were far better utilised in a volatile market 

than in the first two years’ relatively constant market. The 2*750 simulations supported the quality of the 

initial model and the usability of the data. 

Comparing the trading strategies of the classic inspired 𝑁𝑒𝑤𝑠𝑃𝑁 -model and the more alternative 𝑁𝑒𝑤𝑠𝐵𝐵 -

model clearly indicated, that measuring sentiment in alternative ways improved the model. We found that 

modulating with the volume of Bullish and Bearish, yielded a high AAR and SR. A possible explanation of this 

could be the better accuracy and precision of the predictions. 

 Google linear 

The previous analysis has been based on an aggregated sentiment for the index’s stocks. This section changes 

the approach and tries to estimate a positive and negative sentiment proxy based on 873 financial words. The 

specification of the data and methodology is presented in section 3.5. 

5.4.2.1 Coefficients 

After randomly removing 20% of the data as holdout, we tune a linear model on the data and get the following 

model: 

 

The coefficients of the model can be seen in Table 25. From the model, we can notice that only two variables 

of the lagged Neg-variables made it through the tuning process. Surprisingly, those two variables are not the 

most recent data, L1, but instead L2 and L3. Another interesting observation is that none of the positive 

variables are included, indicating that most information is stored in the negative sentiment. 

Regarding the coefficients, the VIX variables have similar values, and the same operational signs as all the other 

models run in this paper, suggesting that these are reliable. Further, VIX coefficients once again show signs of 

a mean reverse with a diminishing sinus curve. Even though the VIX variables show signs of mean reverse, 

Neg.L2 and Neg.L3 do not as they both have the same operational sign. Moreover, more importantly, we would 

not expect all negative variables to have a positive operational sign, because of mean revers and an expected 

negative effect from the negative sentiment. Regarding the p-values, all variables except the intercept are 

significant on a 5% level. So even though the positive coefficients for Neg.L2 and Neg.L3 is surprising, the 

model is more than 95% confident that they are truly greater than zero. 

The 𝑅2 and 𝐴𝑑𝑗. 𝑅2 are one of the lower we have seen so far in this paper, suggesting that the model is not as 

accurate as some of the other models such as 𝑁𝑒𝑤𝑠𝐵𝐵 which had an 𝑅2 of 8.11%. 
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Table 25: 𝐺𝑜𝑜𝑔𝑙𝑒𝑙𝑖𝑛𝑒𝑎𝑟  output. A complete print can be found in Appendix 17. Coefficients have values of [E-5]=1/100000. “.L1” denotes 

Lag 1, “.L2” denotes Lag 2 and so on (Own creation) 

5.4.2.2 Residuals 

This section analyses and describes the residuals of the model. To see an explanation and formula of the 

residuals, see section 6.3.1.2. 

 

Table 26: Residuals of the 𝐺𝑜𝑜𝑔𝑙𝑒𝑙𝑖𝑛𝑒𝑎𝑟  - model (Own creation) 

In Table 26, the summary statistics of the model’s residuals are shown. To start from the top, the mean is much 

lower than it was for the model with Bullish and Bearish News data (best model so far) but the median has 

now increased. The negative mean, together with a positive median, indicates that even though there are 

more positive residuals, the negative residuals are relatively more extreme. This is also indicated by the most 

extreme negative residual being -5.22% while the largest positive residual is only 3.24%. 

With the standard deviation being much higher than the mean, it is statistically not possible to reject that the 

mean of the residuals could be zero for a larger sample. We should be able to expect that the prediction is 

equal to the true value. The underlying assumptions of the linear regression model are in this case fulfilled. 

The kurtosis being higher than 3 indicates that the residuals are t-distributed and not normally distributed. If 

the residuals were normally distributed, the skewness would have been equal to 0. The negative skewness 

indicates that the residuals are skewed left, meaning that the left tail of the distribution is long relative to the 

right tail, which is in alignment with the earlier findings indicating big negative residuals. These underlying 

assumptions should be met since there should be no patterns or predictability in the errors (residuals). 

Variables
Coefficients 

(E-5)
P-value

Intercept 13.750 0.9020

VIX.L3 -47.930 0.0480

VIX.L4 108.130 0.0000

VIX.L5 -61.200 0.0040

Neg.L2 8.400 0.0310

Neg.L3 8.860 0.0250

R^2 0.0341

Adjst. R^2 0.0259

Google Linear prediction model

Mean -0.0000757

Standard error mean 0.0002842

Median 0.0003174

Standard deviation 0.0077622

Variance 0.0000603

Kurtosis 6.2370463

Skewness -0.9568549

Minimum -0.0522328

Maximum 0.0324246

Sum -0.0564752

N 746

Residuals
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Figure 31: Residuals of the 𝐺𝑜𝑜𝑔𝑙𝑒𝑙𝑖𝑛𝑒𝑎𝑟  - model. (Own creation) 

A time-series of the model’s residual from 2016 to 2018 can be seen in Figure 31. Here the big residuals found 

in the analysis of the descriptive statistics are visible. Only a few of the positive residuals are higher than 2% 

while several of the negative residuals are much lower than -2%. 

Worth noticing from Figure 31 is that the model seems to have the best precision in 2017 while the volatility 

of the residuals is much larger in both 2016 but highest in 2018. This can be little misleading as 2017 is also 

the year with the most stable DJIA return. This could indicate that the model predicts the returns to be close 

to zero meaning that the model is able to predict big changes in the return and might just be guessing on 

either a positive or negative value. This will be looked deeper into later on. 

Just as with the News dataset, the first big spike is on the 24-06-2016, the day of the Brexit election. From the 

previous findings, also much equal to the findings from the models with the News and Twitter data, the model 

was again not able to predict the major change. Again, the biggest spike is on the 05-02-2018 (the day with 

the biggest intra-day change). In contrast to the News data, the Google SVI data were not able to explain this 

drop as the model predicted the return to be positive. This could be because of other factors than a change in 

sentiment, but since the SVI data is not firm-specific it could also be from a fear in only some of the firms in 

the index or maybe some of the firms’ returns are not as easily predictable, which is not possible to be seen 

from this analysis. 
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Figure 32: Residuals plotted against their true returns from the 𝐺𝑜𝑜𝑔𝑙𝑒𝑙𝑖𝑛𝑒𝑎𝑟  - model (Own creation) 

Figure 32 pictures the relationship between the residuals and their true return. Again the findings are much 

similar to the previous models. The plot confirms that the model tends to make predictions close to zero. For 

the residuals and true returns to be equal, the predicted values must be close to zero. This does not fulfil the 

assumption of the linear regression model, assuming no relation between the residuals and the dependent 

variable. Also, the relationship between the predictions and the residuals is much like the one found for the 

News models. The residuals are too close to zero but are nicely distributed around zero with only a few outliers. 

To see a plot of the residuals and prediction see Appendix 18. 

5.4.2.3 Return 

One process of investigating the quality of the model is to analyse its trading strategies’ return. In our analysis 

of the News and Twitter data, we initially investigated the results without considering trading costs. However, 

we applied trading costs to the best model to investigate how it influences its quality. As that section displayed 

how large the influence of trading cost is, these future sections will not focus on the differences of applying or 

omitting trading cost but rather evaluating the models under more realistic circumstances by at all time 

including trading cost. The results of the trading strategy are displayed in Table 27. 

 

Table 27: Return from Long-Only and Short/Long for both the Base model and 𝐺𝑜𝑜𝑔𝑙𝑒𝑙𝑖𝑛𝑒𝑎𝑟  - model. The return of the strategies includes 

trading costs (Own creation) 

The results of the trading strategies are a bit mixed. Regarding the return, only one model is outperforming 

the Buy&Hold strategy, and that is the Base Long-Only. The goal of our trading strategies is most importantly 

to be better than the Base strategies and Buy&Hold, as that would indicate that Sentiment would have 

prediction power. However, both strategies of our model are outperformed by the strategies of the Base 

model, suggesting that this measurement for sentiment is not good. We can notice that the two Short/Long 

strategies of both Base and News trading are performing worse than their equivalent Long-Only strategies. 

Long-Only Short/Long Long-Only Short/Long

$ Return 6,266 6,293 4,765 2,788 -2,496 

Return 37.1% 37.3% 28.2% 16.5% -14.8%

Annualised Return 11.2% 11.2% 8.7% 5.3% -5.2%

Annual Abnormal return 0.0% -2.5% -5.9% -16.4%

Volatility 12.5% 11.3% 12.5% 9.8% 12.5%

Sharpe Ratio 0.788 0.876 0.591 0.403 -0.521

Buy&Hold
Base Google Linear
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This indicates, that with either none or just “low-quality sentiment” input a trading strategy is better off by 

only taking long or no-positions than taking short positions in the market. 

So, by purely looking at returns, it was the Long-Only strategies which had the advantage. Further, when 

including risk as a parameter, we can see that the SR indicates that the two Long-Only strategies are the best. 

Short/Long for both Base and 𝐺𝑜𝑜𝑔𝑙𝑒𝑙𝑖𝑛𝑒𝑎𝑟 - model is penalized in their SR for being exposed for risk every 

day during the trading period. 

With the purpose to understand how the strategies end up with the return they do, we will look into the 

development of their return during the three-year period. Figure 33 plots the development of the equity curve. 

We can see that both strategies are ahead of the Buy&Hold for the first 11 months until the index increases 

by ~10 index points at the start of November, where both strategies take the wrong position. The strategies 

never recover and take a major loss at the end of 2018 along with the index. Both strategies could have yielded 

a return equally with the Buy&Hold if they had just taken the right position. 

 

Figure 33: Plot of the indexed equity curve for 𝐺𝑜𝑜𝑔𝑙𝑒𝑙𝑖𝑛𝑒𝑎𝑟′𝑠 trading strategies. Index Open is the index of the DJIA opening price which 

is similar to a Buy&Hold strategy (Own creation) 

5.4.2.4 Trading position 

This section will dig deeper into the model’s ability to predict the right directions of the return and by that how 

good the trading strategy is to make the right trades from the predicted signals. Table 28 (a) shows how the 

predicted directions of the returns are distributed between the correct and wrong predictions and buy and 

sell signals. While (a) shows all the signals’ distribution, (b) only shows the distribution of the active trades 

made. 
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Table 28: (a) Number of correct and wrong predictions/signals, (b) Number of correct and wrong trades from the 𝐺𝑜𝑜𝑔𝑙𝑒𝑙𝑖𝑛𝑒𝑎𝑟  - 

model. Values under wrong sell (buy) are the number of times the model predicts a sell (buy) but should have predicted the opposite 

(Own creation) 

The first finding worth noticing is the distribution between buy and sell signals (positive and negative returns). 

From Table 28 (a) the model is much better at predicting buy than sell signals. In 2016 83.33% of the positive 

returns were predicted correctly while only 26.61% of the negative returns were classified correctly. In general, 

75.89% of the positive and 24.77% of the negative returns were correctly classified. Across the three years, 

the number and share of correct buy signals deviate with up to 11% while the negative only deviate up to 3%. 

This explains why the return and profit deviates a lot during the three-year period. The same is not the case 

for active trading positions. 

Not surprisingly, the model’s accuracy is highest in 2016, just like most of the models with News data. This is 

consistent with what the equity curve showed, by outperforming the Buy&Hold strategy, for the first 11 

months. Since 2016 and 2017 has the most similar development in the DJIA return, it is not surprising that 

these two years will dominate when building the model making it less accurate in 2018. Since the price of the 

index primarily increases, there are more positive data points that can be used to train the model, making it 

better at predicting positive returns. In general, the accuracy of the model is 53.8%, which is at the same level 

as the other models made previously. 

5.4.2.5 Sentiment search term analysis 

The model had 836 words available at each of its 750’s simulations to potentially include. It is interesting to 

briefly analyse the regression’s use of its financial words. The 750 simulations used 35 words on average in 

their formulation of positive and negative sentiment. Figure 34 (a) shows how most of the simulations use +/- 

5 words around the mean and only a few extreme simulations use half the number of words of the mean. 

Figure 34 (b) shows the most popular words by rank, which clearly shows that not all words are equally popular. 

The 1% of the most popular words account for approximately 20% of the total number of used words while 

the 10% most used words account for approximately 80% of the total number of used words. 50% of the words 

in the pool are not used one single time. 

(a) Buy Sell
Correct 

signals
Sell Buy Wrong signals

2016 115 29 144 (58.3%) 23 80 103 (41.7%)

2017 107 24 131 (52.4%) 41 78 119 (47.6%)

2018 99 27 126 (50.6%) 38 85 123 (49.4%)

Total 321 80 401 (53.8%) 102 243 345 (46.2%)

(b) Buy Sell
Correct 

trades
Sell Buy Wrong trades

2016 23 17 40 (59.7%) 16 11 27 (40.3%)

2017 25 12 37 (50.0%) 25 12 37 (50.0%)

2018 22 16 38 (49.4%) 23 16 39 (50.6%)

Total 70 45 115 (52.8%) 64 39 103 (47.2%)

Correct Wrong
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Figure 34: (a) The distribution of numbers of used words used in 750 simulations ranking from most to. (b) Distribution of the most used 

words ranking from most to least, and an aggregation curve of the share of the total number of used words least from the 𝐺𝑜𝑜𝑔𝑙𝑒𝑙𝑖𝑛𝑒𝑎𝑟  

- model (Own creation) 

The numbers mentioned above indicate that the 750 simulations are not that different and that it looks like 

some words are very common to use. To investigate the most common words used in the 750 simulations, we 

have listed them in Figure 35. The two most used words are Bear market and Recession. The word Recession 

is included in 92% of the simulations and was equally one of the words we would expect to be highly used as 

it is a strong negatively charged word which can be used both to describe historical conditions but also very 

great expectations to the future. The search term Bear market, which is included in 97% of all simulations, is 

familiar as we saw its usability in the successful 𝑁𝑒𝑤𝑠𝐵𝐵 -model. The search term is typically used to describe 

a current state- or predict a future state of the market. Both terms are related to negative market sentiment, 

indicating that Google search volume can be used more effectively at measuring negative sentiment rather 

than positive sentiment. Moreover, the argument for this, is the absence of the search term, Bull market or 

Bullish, in the top 20 most used search terms. They are both used in ~1/8 of the simulations which however 

locates them in the top 10% of most used search terms for the 750 regressions. 

The financial rationality of the remaining words used is more difficult to validate as it can be argued that they 

can either represent a positive, negative or no sentiment in the market. Nevertheless, we can notice a variety 

of groups. Search terms like European are included in the data even if the search was done in combination 

with other words. These searches could point in many directions. For example, by typing European, Google 

suggests the search to be followed by either - Tour, Spring, parliament, energy or commission58. The suggested 

search terms seem to could be grouped into information seeking about- a Holiday trip to Europe or EU political 

conditions. One could argue that, as the data is only collected for US Google searches, gathering information 

about a holiday trip to Europe could indicate positive sentiment. However, as found earlier, the return of the 

DJIA dropped on the day of the Brexit election, which could indicate a fear towards Britain leaving Europe. 

Searching for European might, therefore, represent a fear. This is one of the reasons it is challenging to make 

a specific interpretation or validation of a search term such as European to be one of the most used data 

variables of the 750 simulation 

 
58 Suggested search terms by Google found the 25/05/2019. 
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Figure 35: The top 20 Searched words included in the most simulations in the 𝐺𝑜𝑜𝑔𝑙𝑒𝑙𝑖𝑛𝑒𝑎𝑟  - model. 1) Is the share of the 750 

simulations the word is included in when generating the sentiment (Own creation) 

5.4.2.6 Robustness check 

As we have also done in our previous analyses of the Twitter and News model, we would like to make a 

robustness check of this Google model. However, in this case, a robustness check will also make a word analysis 

available by aggregating the words used in the 750 simulations. 

5.4.2.6.1 Robustness return 

Figure 36 shows the distribution of the 750 simulations of a Google model following the same procedure as 

𝐺𝑜𝑜𝑔𝑙𝑒𝐿𝑖𝑛𝑒𝑎𝑟. From the red X’s on the plot, we can see that the analysed strategies based on model 

𝐺𝑜𝑜𝑔𝑙𝑒𝐿𝑖𝑛𝑒𝑎𝑟, is close to being worse than 97.5% of all the simulated models. This implies that we would 

expect an average trading strategy to perform better than we found in the previous section’s analysis. The 

average outcome of the models seems for both AAR and SR to be similar to the Base models trading strategy. 

An indication for at least some quality of the strategies is that Short/Long is having a SR close to the Buy&Hold 

while approximately 75% of the simulations have a higher SR than the Buy&Hold. Having in mind that the 

strategies do include various trading costs, makes the result not convincing but neither deniable. 

Comparing the boxplots with those of the realistic 𝑁𝑒𝑤𝑠𝐵𝐵 -model, shows that they are very similar in their 

distribution; however, with a much lower return for this model. Another noteworthy observation is the 

differences in which strategy is the better one for each model, as the Short/Long is the best for the 𝑁𝑒𝑤𝑠𝐵𝐵- 

model and the opposite for this 𝐺𝑜𝑜𝑔𝑙𝑒𝐿𝑖𝑛𝑒𝑎𝑟 model. 

Rank 1) Google search terms Rank 1) Google search terms

1 96.5% Bear market 11 70.5% Commercial paper

2 91.7% Recession 12 69.7% Say law

3 82.0% Rate of return 13 68.9% NIESR

4 81.2% International aid 14 63.8% Keynesian economics

5 80.3% Mortgage rates 15 56.6% Worth

6 80.3% Ratings agencies 16 52.9% Mean reversion

7 80.0% Zombie funds 17 51.5% Production function

8 77.7% European 18 51.3% Shadow price

9 73.7% Office of fair trading 19 50.9% Catch-up effect

10 71.2% Reverse takeover 20 50.4% financial markets
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Figure 36: Robustness check with a dynamic model. Red ‘x’ is the outcome of 𝐺𝑜𝑜𝑔𝑙𝑒𝑙𝑖𝑛𝑒𝑎𝑟′𝑠 trading strategies. Yellow line is Buy&Hold’s 

SR. (Own creation) 

5.4.2.6.2 Robustness of words 

As mentioned earlier, validating the relevance and financial rationality of the used words can be difficult. This 

scepticism is also supported by earlier literature such as Challet & Ayed (2014). 

One way to test the validity of the words could be by changing the word pool. Therefore, we have done the 

same simulations as previously but changed the word pool from consisting of 836 financial words to 791 names 

of animals. Figure 37 summarises the results and compare them with the traditional model, which used 

financial words. Moreover, surprisingly enough, the “Animal” model (𝐺𝑜𝑜𝑔𝑙𝑒𝐿,𝑎𝑛𝑖𝑚𝑎𝑙) manages with over 791 

simulations to outperform the original model based on financial search terms. 

 

Figure 37: Boxplot of both Long-Only and Short/Long strategy based on different word pools for the 𝐺𝑜𝑜𝑔𝑙𝑒𝐿,𝑎𝑛𝑖𝑚𝑎𝑙 - model. Both are 

accounting for trading costs (Own creation) 

Some animal words such as Bull and Bear can have a more obvious financial link. However, these are not some 

of the most frequently used words. The top 5 most frequently used words can be seen in Figure 38. There are 
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three search terms for animals, that are clearly standing out as the most used: Eagle, African gray parrot and 

Barracuda. As the data is collected from searches done in the US, an eagle could be related to something 

patriotic, but doubtfully financial. Correspondingly, we find it hard to relate the following search terms to any 

financial or sentiment indicators. We find it much easier to question the validity of these animal words than 

those used in the financial word simulations. 

 

Figure 38: The top 5 Searched words included in the most simulations of the 𝐺𝑜𝑜𝑔𝑙𝑒𝐿,𝑎𝑛𝑖𝑚𝑎𝑙  - model. 1) Is the share of the 750 

simulations the word is included in when generating the sentiment (Own creation) 

5.4.2.7 Part conclusion 

We did 750 simulations of a linear model with 873 financial words which at each simulation created a positive 

and negative sentiment variable. We found the simulations to be close to or partly better than the Buy&Hold 

strategy. We showed that a small selection of the financial words was represented in most simulations. To 

questioning the reliability of the simulations, the word pool was changed, and similar results with what was 

supposed to be random words were found. A model based on Google search volume is difficult not to question 

as it can easily be replicated with random words. This finding is in line with the critics of the approached 

presented by Challet & Ayed (2014). 

 Google with rolling regression 

As a response of critique by earlier literature, this section will instead of a traditional multiple linear regression 

use a rolling linear regression so that the model can change the included words on-going. As the rolling 

regression is a series of regressions, one for each observation point, there are 746 sets of coefficients. Hence, 

these will not be analysed, and this section will go straight to the analysis of the precision. We will referrer to 

the model as 𝐺𝑜𝑜𝑔𝑙𝑒𝑅𝑜𝑙𝑙𝑖𝑛𝑔. 

5.4.3.1 The rolling period length 

One of the inputs we can change in the model to find the optimal rolling model is the length of the rolling 

period. 39 plots different outcomes of SR and AAR found by adjusting the Rolling period. 

1) Google search

97.9% Eagle

95.6% African gray parrot

91.2% Barracuda

73.5% Goose

70.6% Katydid
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Figure 39: SR and AAR for rolling regression with different rolling periods. Returns account for trading costs (Own creation) 

As Figure 39 shows, there are hardly any strategies, independent of their rolling period, that can generate a 

positive return. However, we hope to understand the reasons behind this low performance by analysing a 

trading strategy based on one model. We choose to analyse the model with a rolling period of 8 months as it 

seems to be the best model. 

5.4.3.2 Residuals 

Again, the precision will be analysed through the model’s residuals. Remember that the residuals show the 

difference between the real return and the predicted return. 

 

Table 29: Summary statistics of residuals from the model with 𝐺𝑜𝑜𝑔𝑙𝑒𝑅𝑜𝑙𝑙𝑖𝑛𝑔 (Own creation) 

The summary statistics of the residuals can be seen in Table 29. In contrast to the model with a fixed estimation 

period, this model has a much larger residual-mean, and the mean has changed from being negative to being 

positive. This indicates that the model not only tends to predict the return to be too low instead of too high 

but also that it does so to a much higher degree. The mean rose from -0.0076% to 0.047%. Also, the standard 

deviation is now higher, with an increase of 0.002. The standard deviation is larger than the mean, indicating 

that we cannot reject that the mean can be zero when using the entire population and not only a sample 

period of three-years. This leads us to the distribution of the residuals. By predicting through a rolling 

estimation period, the kurtosis is now 10.61 which is an increase of 4.38, meaning that the distribution is now 

even further away from being normally distributed (kurtosis > 3 indicates a t-distribution). Also, the skewness 

Mean 0.0004695

Standard error mean 0.0003578

Median 0.0005200

Standard deviation 0.0097716

Variance 0.0000955

Kurtosis 10.6143843

Skewness 0.4985294

Minimum -0.0531992

Maximum 0.0671451

Sum 0.3502407

N 746

Residuals
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has changed from being negative to positive meaning that the distribution is right-skewed. A big explanation 

of both the higher mean and positive skewness can be seen from the maximum residual’s value. With no rolling 

period, the highest residual was 3.24%, now it is higher than 6.71% while the size of the most negative residual 

has not changed much. 

The timeline of the residuals has, at first glance, close to the same shape as the previous model’s residuals 

studied in this paper. The new very large residual is shown to be at the beginning of 2016 together with a few 

new other large residuals (for graph see Appendix 20). The biggest difference from 𝐺𝑜𝑜𝑔𝑙𝑒𝑙𝑖𝑛𝑒𝑎𝑟-model can 

be seen by looking at the residuals plotted against their true or predicted values. From Figure 40, the residuals 

and their true values are plotted. For a plot of the residuals against the predicted values, see Appendix 21. As 

with every other model studied in this paper the points are still placed close to a 45-degree indicating that the 

predictions are still too close to be zero, but now several residuals differ from the line mostly with too high 

residuals. The two biggest residuals are a result of the model predicting a negative return even more negative 

(also shown in Appendix 21). All in all, the precision of the model seems much worse than in the case with a 

fixed estimation period. 

 

Figure 40: Residuals plotted against their true value for the 𝐺𝑜𝑜𝑔𝑙𝑒𝑅𝑜𝑙𝑙𝑖𝑛𝑔  - model (Own creation) 

5.4.3.3 Return 

Table 30 shows the return of the strategies for the 𝐺𝑜𝑜𝑔𝑙𝑒𝑅𝑜𝑙𝑙𝑖𝑛𝑔- model. One can see, that even though the 

AAR of the strategies are negative, they are still higher than the Base model, and thereby suggesting the 

generated sentiments variables to add information beyond what VIX does. Another noteworthy observation 

is that the Short/Long strategy performs significantly worse than the Long-Only for both models. 

 

Table 30: Return from Long-Only and Short/Long for both the Base model and 𝐺𝑜𝑜𝑔𝑙𝑒𝑅𝑜𝑙𝑙𝑖𝑛𝑔- model. The return of the strategies 

includes trading costs (Own creation) 

Long-Only Short/Long Long-Only Short/Long

$ Return 6,266 -777 -4,952 1,407 -2,429 

Return 37.1% -4.6% -29.3% 8.3% -14.4%

Annualised Return 11.2% -1.6% -11.0% 2.7% -5.1%

Annual Abnormal return -12.7% -22.1% -8.4% -16.2%

Volatility 12.5% 10.1% 9.8% 10.5% 12.5%

Sharpe Ratio 0.788 -0.284 -1.253 0.135 -0.510

Buy&Hold
Base Google Linear
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From the equity curve, we can see how the Short/Long strategy starts well and yield a return of approximately 

12% in the first month. However, the great start turns into five months of losing money, then a stable year 

until it starts to track the market growth for the following five months. Hence, we find two explanations for 

the strategies’ bad end-return: 1) Reduction of purchasing power by 30% within the first year, and 2) the lack 

of growing with the market in 2017 and thereby once again reducing its purchasing power. 

The Long-Only strategy is characterised much similar to the Short/Long, however, with the difference that it 

does not lose as much in the first six months. Therefore, it is better at following the market growth as it can 

simply purchase a 20% larger market share than the Short/long. 

The results of Short/Long being worse than Long-Only is the opposite of what we found in the analysis of the 

trading strategies based on 𝑇𝑤𝑖𝑡𝑡𝑒𝑟𝑃𝑁, 𝑁𝑒𝑤𝑠𝑃𝑁 and 𝑁𝑒𝑤𝑠𝐵𝐵. The results from Figure 41 is not a single 

example, as we could also see in Figure 33, it seems that the Long-Only strategy is systematically better than 

the Short/Long strategy. This is also the same pattern we saw for the 𝐺𝑜𝑜𝑔𝑙𝑒𝐿𝑖𝑛𝑒𝑎𝑟 - model. 

 

Figure 41: The figure plots the indexed equity curve for our two trading strategies based on the 𝐺𝑜𝑜𝑔𝑙𝑒𝑅𝑜𝑙𝑙𝑖𝑛𝑔- model. Index Open is 

the index of the DJIA opening price, which is similar to a Buy&Hold strategy. Trading strategies account for trading costs (Own 

creation) 

5.4.3.4 Trading position 

The following section will analyse the number of correct and wrong signals and trades with the aim of 

explaining even more of why this model with a rolling estimation period results in lower returns than when 

using a fixed estimation period. 
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Table 31: (a) Number of correct and wrong predictions/signals, (b) Number of correct and wrong trades from the 𝐺𝑜𝑜𝑔𝑙𝑒𝑅𝑜𝑙𝑙𝑖𝑛𝑔- model. 

Values under wrong sell (buy) are the number of times the model predicts a sell (buy) but should have predicted the opposite (Own 

creation) 

From Table 31(a) the overall accuracy of the model was 51.6%, which is a decrease from 53.8%. The decline is 

a result of a much lower accuracy in 2016 going from 58.3% to 48.6%. This low accuracy was also seen in a 

lower precision from bigger residuals in 2016. The accuracy has increased in both 2017 and 2018 when 

including a rolling regression period. If the critique from previous literature about search terms not being fixed 

is correct, the findings here could indicate that during the last two years, the terms representing the market 

sentiment has changed. The results from 2016 are then either outliers or contain much noise from irrelevant 

short-termed search terms. The same findings are found for the active trades (see Table 31(b)). The only 

difference is that the decrease in accuracy in 2016 relative to 𝐺𝑜𝑜𝑔𝑙𝑒𝑙𝑖𝑛𝑒𝑎𝑟 for the active trades is now smaller. 

This makes the overall accuracy for correct trades higher than when using a fixed estimation period 

(𝐺𝑜𝑜𝑔𝑙𝑒𝑙𝑖𝑛𝑒𝑎𝑟). To see the table for the Short/Long strategy, see Appendix 22. 

5.4.3.5 Sentiment search term analysis 

The rolling regression estimate a new regression-model at each observation number. Therefore, we got 746 

regressions, which each formulate two sentiment variables (positive and negative) based on a selective 

process, also described in section 5.1.2. This section will look into some of the different aspects of the 

sentiments’ use of different search terms. 

Figure 42 (a) shows the number of search words included in the sentiments variables for the rolling regression. 

The volume of the included words seems to come in waves with +/- 25 around 75. Comparing the volume with 

the development of the DJIA stock price shows no clear correlation. However, we can notice a peak in the 

number of included words (130), at the end of 2018 just before the small index crash at the end of December 

2018. 

(a) Buy Sell
Correct 

signals
Sell Buy Wrong signals

2016 62 58 120 (48.6%) 76 51 127 (51.4%)

2017 104 34 138 (55.2%) 44 68 112 (44.8%)

2018 92 35 127 (51.0%) 45 77 122 (49.0%)

Total 258 127 385 (51.6%) 165 196 361 (48.4%)

(b) Buy Sell
Correct 

trades
Sell Buy Wrong trades

2016 30 28 58 (54.2%) 25 24 49 (45.8%)

2017 15 9 24 (52.2%) 14 8 22 (47.8%)

2018 25 22 47 (52.8%) 23 19 42 (47.2%)

Total 70 59 129 (53.3%) 62 51 113 (46.7%)

Correct Wrong
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Figure 42: (a) Number of Google words included in each regression’s sentiment compared to the price development of DJIA. (b) 

Distribution of the most used words ranking from most to least, and an aggregation curve of the share of the total number of used 

words from the 𝐺𝑜𝑜𝑔𝑙𝑒𝑅𝑜𝑙𝑙𝑖𝑛𝑔- model (Own creation) 

Figure 42 (b) plots the distribution of used words when generating the sentiment for each regression. We can 

see that some words are more common than others. However, the distribution is much more even than what 

we saw in Figure 34 (b), which was the plot of the Google simulations with no rolling regression. In that case, 

50% of the words were not used one single time. For this rolling model, less than 15% of the words are not 

used one single time. Hence, according to the model, 85% of the search terms can, at least one day during the 

three years, be valuable when generating a sentiment variable. Further, approximately 25% of the words are 

used in 20% of the regressions. 

Figure 43 lists the most used search terms. In general, there are many of the most used search terms which 

are consisting of several words. The two most used search terms Naked short-selling and Tangible common 

equity ratio are complicated search terms for which it is difficult to imagine that they can be common search 

terms for the average Google user. One could speculate that the reason these search terms are valuable for 

the model, is that only potential investors would use these terms. 

If we compare these most used search terms with those from Figure 35 representing the simulations of the 

model with no roll’s most used words, we can notice a few things. In the previous model, two terms were 

standing out as the most used: Bear Market and Recession. Bear market is far from the most used in this rolling 

model and is ranked as no. 17. Further, Recessions is now less commonly used in the rolling model, as it only 

ranks as nr. 47, and represented in ~26% of the regressions. Even though these just mentioned differences 

could indicate a low rate of coherence, there are still several terms which are represented in both approaches’ 

top 20: Reverse takeover, rating agencies, Say Law, NIESR, Mean reversion and Bear market. Some of these 

could be interpreted to be meaningful for representing an investor’s sentiment. However, once again, it is 

difficult to point out search terms that might be wrongfully included, as there could be a reasonable argument 

for why each term could be an indicator of IS. 
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Figure 43: The top 20 Searched words included in the most regression. 1) Is the share of the 746 regressions the word is included in 

when generating the sentiment from the 𝐺𝑜𝑜𝑔𝑙𝑒𝑅𝑜𝑙𝑙𝑖𝑛𝑔- model (Own creation) 

One reason the two models could vary in most used search terms could be their fundamental differences. As 

the Linear model will measure each search terms t-statistic value for the whole period, the rolling regression 

will measure the t-statistic value for a specific rolling period for each day. 

5.4.3.6 Robustness of words 

Even though the trading strategies struggle to yield a positive return, and thereby also struggles to qualify 

Google SVI as a good measure for sentiment, it could be defended by claiming that trading costs eat up the 

return. Therefore, to challenge the quality of Google SVI and the process of a rolling model, we will once again 

change the pool of search terms from financial to 791 animal names, referred to as the “Rolling Animal” model 

or 𝐺𝑜𝑜𝑔𝑙𝑒𝑅,𝐴𝑛𝑖𝑚𝑎𝑙. 

Figure 44 shows how the Rolling Animal model generally yields a better SR than the 𝐺𝑜𝑜𝑔𝑙𝑒𝑅𝑜𝑙𝑙𝑖𝑛𝑔-model on 

both trading strategies. The outperformance is not significant for the Rolling Animal model. However, we 

cannot validate the usability of the 𝐺𝑜𝑜𝑔𝑙𝑒𝑅𝑜𝑙𝑙𝑖𝑛𝑔-model. The results seem to be similar to those from the 

simulations of the model with no rolling regression. There the word pool was also changed from financial terms 

to animal names. In that case, we also found the word pool of animal names to formulate a sentiment variable 

better. 

 

Figure 44: Comparison of SRs on Long-Only and Short/Long for the 𝐺𝑜𝑜𝑔𝑙𝑒𝑅𝑜𝑙𝑙𝑖𝑛𝑔  and 𝐺𝑜𝑜𝑔𝑙𝑒𝑅,𝐴𝑛𝑖𝑚𝑎𝑙- model (Own creation) 

Rank 1) Google search terms Rank 1) Google search terms

1 69.7% Naked short-selling 11 38.9% NIESR

2 55.5% Tangible common equity ratio 12 38.7% Inflation target

3 46.0% Reverse takeover 13 38.6% Gazundering

4 45.4% Ratings agencies 14 37.8% Poison pill

5 45.3% Market capitalisation 15 37.4% New trade theory

6 44.9% Say law 16 37.1% Credit default swaps

7 44.2% Price 17 36.9% Mean reversion

8 43.7% Unemployment trap 18 36.7% Bear market

9 41.8% Lender of last resort 19 36.5% Investment banker

10 41.2% Real balance effect 20 35.4% Intangible assets
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Figure 45 lists the words used in most of the regressions. We do not believe there is any connection between 

the five listed words and a financial interpretation. If we compare this result with the one in Figure 38, which 

lists the most used animal words from the no rolling simulations, we can see that it is all new words. 

 

Figure 45: The 5 Searched animal words included in the most regression. 1) Is the share of the 746 regressions the search term is 

included in when generating the sentiment variable for the 𝐺𝑜𝑜𝑔𝑙𝑒𝑅,𝐴𝑛𝑖𝑚𝑎𝑙- model (Own creation) 

5.4.3.7 Part Conclusion 

In this section the 𝐺𝑜𝑜𝑔𝑙𝑒𝑙𝑖𝑛𝑒𝑎𝑟-model from section 6.4 was changed to a rolling regression model as respond 

to the critique by e.g. Challet and Ayed (2014) in the literature. However, we found the trading strategies to 

perform worse on all return measures just as the precision also decreased. Especially the year of 2016 yielded 

lower return, precision and accuracy when including a rolling regression. When analysing the search terms, 

we found that the two models are varying in which search terms are the most frequently used in the creation 

of a sentiment variable. Based on the poor return, the inconsistency of search terms and defeat to both of the 

animal models, we cannot validate the use of Google SVI of financial words. 

 Part Conclusion 

For the analysis of the market-general sentiment, two data sources and two regression processes were used. 

The data of the two sources were the volume of the words Bullish and Bearish in News, and, Google Search 

Volume for 873 financial words. The two models were the previous used tuned linear model, and, a rolling 

linear regression. 

Simulation of 750 𝑁𝑒𝑤𝑠𝐵𝐵- models showed an impressive AAR of approximately 8% and 17% for Long-Only 

and Short-Long respectively. Moreover, not only the return was high, but also the SR and prediction accuracy 

were the highest found in this paper. 

The strategies based on the two Google models were far from as impressive as they both yielded a negative 

AAR and the model without a rolling regression were worse than its Base model. For the simple linear model, 

we found some words highly frequently used, which also seemed meaningful in a financial context, such as 

Bear market and Recession. For the model with a rolling regression, we found more complex words between 

the most frequently used, such as naked short-selling and Tangible common equity ratio. The words were 

difficult to validate. To robustness check the words used, the word pool was changed to containing animal 

names. Doing so showed small improvements in the results for both models. 

This chapter found ambiguous indications of the usability of market-general sentiment. News volume of 

Bullish and Bearish showed impressive results, while the Google search volume indicated that IS would not 

add valuable information. Whether an investor can earn an extra profit from using market-general News or 

Google data as proxies for IS seems to be more sensitive to the methods and data used in the trading 

strategies. 

 

Rank 1) Google Search Term

1 53% Collared lizard

2 46% Black racer

3 44% Damselfly

4 41% Hyracotherium

5 41% Junebug
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5.5 Trading strategies with firm-specific sentiment 

Until this moment, we have investigated the relation between DJIA and different data sources on an absolute 

level meaning that both the depended and independent variables have been an aggregation of firm-specific 

data. One of the advantages of predicting and trading on an index such as DJIA rather than on its individual 

stocks is that single small events are less likely to have a major effect on the total index. On the other hand, 

the more information we aggregate together, we will simply tell something about everything and hence 

potentially dilute some useful information. In these following sections, the usability of the subjacent data on 

the individual firms will be tested, by predicting their individual stock changes by their individual sentiment. 

Analysing trading strategies on specific firms gives an option to investigate which firms’ returns that are highly 

predictable with sentiment data and which are not. The firms can be clustered or ranked by an uncountable 

number of different characteristics. However, we have chosen to focus on sectors, and therefore clustered 

the firms by their GICS sector. The methodology and analysis are specified below. 

The data is still collected from the previously mentioned data sources (News and Twitter from Bloomberg and 

SVI from Google). For this new purpose, the data is not aggregated, as before, but remain separated for each 

firm. Instead of using the return for the index, the predictions and trading strategies in this section only consist 

of data from the specific firm that we try to investigate. This means that for the DIS stock only sentiment 

related to this firm is used to forecast the returns for DIS. For both Twitter and News data, this build on the 

exact same data as used when predicting the index returns. Google SVI is different as the search terms used 

previously in this paper were not directly firm related. Instead, new Google SVI data were collected consisting 

of the firms’ ticker symbol followed by the word “stock”. This means that the Google SVI data for DIS is “DIS 

stock”. Every search on Google containing “DIS” and “stock” is then part of the data. This is chosen to reduce 

noise from everyday words such as CAT. Since the Google SVI data is an index of search volume, the new data 

shows the attention toward the individual firms. Remember, a higher SVI means a higher search volume, which 

indicates greater attention towards the stock. While the sentiment data (News and Twitter) can indicate the 

direction of the returns, the SVI (Google data) can indicate the strength of the direction. Instead of using the 

log-transformed differences of the SVI, the following models use the raw index values59. We are no longer 

interested in the change of the SVI but rather the level of the SVI. Otherwise, two days with an equally high 

search volume would result in a log value of 0 even though the high SVI should indicate much attention. 

As mentioned in the section about the trading-variable, GE is replaced by WBA during our three-year period. 

Therefore, both firms are included in this analysis for the whole three-year period resulting in 31 individual 

firms to analyse. Also, another change on the DJIA (of no importance until now) in our three-year period is 

that DowDuPont Inc. (DWDP) replaced E. I. du Pont de Nemours and Co. (DD) on Friday, September 1st as a 

result of the merger of DD and The Dow Chemical Company. The level of the index was not affected by the 

disruption60. As Bloomberg is aware of this change in ticker symbols, the data (prices and sentiment) takes this 

into account. However, as it is still possible to search for both symbols on Google, this data has to be 

transformed. When the search data for DD should be replaced is up for discussion, but since the symbol 

changed on September 1st 2017 and the DWDP stock only contains SVI data for three days in August 2017, 

September 2017 is considered the right month to replace “DD stock” SVI data with “DWDP stock” SVI data. 

 
59 The merge of the data is then done by having a 10 day overlap from each time frame. An average ratio of each 
overlap is then multiplied to the following time frame values and thereby adjusting for the each frame’s interrelation.  
60 (S&P Dow Jones Indices, 2017) 
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The rest of the methodology follows the same procedure as the previous models trying to predict the index 

return (including the same regression model). 

 Analysis of News/Twitter 

The following analysis of the return generated on Firm-specific trading strategies will be based on a model that 

combines Twitter and News Sentiment61. This model was chosen as it was evaluated to be a better model than 

those separately using Twitter and News sentiment for all 31 firms. Table 32 shows which data source or 

combination of data sources are yielding the highest return. We can see that there is a small variation 

depending on the trading strategy, but the results are very similar62. Further, we can report that 29/31 firms 

prefer the same data type for both its strategies. The results are generated by comparing returns from the 

multi-data source model (MDSM) and the two single data source models (SDSM)63. It can be reported that 

there generally is only a small difference in the quality of a SDSM and a MDSM when a SDSM is preferred. In 

this case, there is a much larger difference in the quality of the strategies between models that use either 

Twitter or News. 

 

Table 32: The percentage share of 31 firms regarding which data source they preferred. The data source which on average yields the 

highest return for a trading strategy is appraised as the preferred one (Own creation) 

5.5.1.1 Return 

In this section, the return of a firm-specific MDSM, as specified in section 6.6, will be analysed. The results of 

the 31 trading strategies can be seen in Table 33. The results are based on 750 simulations and account for 

trading cost. 

 
61 All trading strategies accounted for trading cost. 
62 Appendix 23 shows which data source each individual firm prefer. 
63 See Table 33 and Appendix 24 and 25. 

News+ 

Twitter
News Twitter Total

Long-Only 54.8% 22.6% 22.6% 100.0%

Short/Long 61.3% 19.4% 19.4% 100.0%

Preferede data-source
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Table 33: Heatmap of the average results of 750 simulations for each firm. Colouring is scaled from red to green, where green is the 

highest values for each column. Firms are clustered by their GICS sectors. Returns of trading strategies account for trading costs (Own 

creation) 

When looking into this table, it is important to remember that the individual stock prices do not move 

identically and therefore also potentially have very different Buy&Hold returns. The individual firms’ difference 

in their Buy&Hold strategy affects each firm’s AAR differently. Two firms exemplifying this is GE and BA. Our 

trading strategy for GE is yielding the highest return of all, but regarding AAR, it is only ranked four. Our BA 

trading strategy, on the other hand, is yielding the highest AAR of all firms while its Long-Only return ranked 

as no. 29th. Figure 46 (a) and (b) plots the development of the GE and BA stock with their respective trading 

strategy. Their results can deviate a little from the results of 33 as they are visualisations of one random 

simulation. 

Looking at the development of the GE stock, it is stable for the first 1½ years and then declining until it ends 

in index 26, meaning it has lost approximately 74% of its value. For a strategy that can only take a long position, 

it is almost impossible to yield a positive return because of the decreasing stock price. From Figure 46 (a) it 

can also be seen that the strategy rarely trades by observing its very “squared” movements. However, even 

Firms Sector (GICS) Long-Only Short/Long Long-Only Short/Long Long-Only Short/Long

DWDP Materials 45.9% 77.5% 11.5% 22.1% 1.022 1.116

VZ Communication Service 27.0% 30.2% 1.3% 2.4% 0.583 0.511

DIS Communication Service 2.6% -6.1% -2.6% -5.5% -0.045 -0.185

HD Consumer Discretionary 38.8% 41.2% 1.2% 2.0% 0.703 0.628

MCD Consumer Discretionary 41.3% 32.7% -2.9% -5.7% 0.913 0.597

NKE Consumer Discretionary 28.0% 39.3% 1.8% 5.6% 0.471 0.485

KO Consumer Staples 11.2% 8.3% -0.9% -1.9% 0.234 0.109

PG Consumer Staples 22.9% 26.8% 1.2% 2.5% 0.581 0.538

WBA Consumer Staples 37.7% 60.8% 18.3% 26.0% 0.982 0.833

WMT Consumer Staples 31.1% 42.5% -5.4% -1.6% 0.503 0.633

CVX Energy 76.3% 135.1% 15.8% 35.5% 1.404 2.115

XOM Energy 14.0% 36.3% 8.1% 15.6% 0.306 0.618

AXP Financials 37.3% 31.2% -4.3% -6.4% 0.629 0.442

GS Financials 47.3% 120.3% 16.4% 40.9% 0.917 1.654

JPM Financials 70.7% 99.3% 4.0% 13.6% 1.273 1.516

TRV Financials 20.1% 33.1% 3.3% 7.7% 0.381 0.548

V Financials 74.0% 72.0% -1.5% -2.2% 1.359 1.093

JNJ Health Care 37.3% 42.4% 2.7% 4.5% 0.950 0.822

MRK Health Care 43.9% 37.2% -1.1% -3.3% 0.864 0.581

PFE Health Care 37.6% 51.1% -0.4% 4.2% 0.770 0.904

UNH Health Care 116.5% 113.8% -0.6% -1.5% 2.172 1.910

BA Industrials 181.9% 220.4% 15.7% 28.6% 2.945 2.775

CAT Industrials 90.3% 81.3% -1.4% -4.4% 1.213 0.908

GE Industrials 4.2% 173.2% 26.4% 83.1% 0.014 1.936

MMM Industrials 35.1% 38.3% 0.5% 1.6% 0.759 0.655

UTX Industrials 27.6% 22.9% 4.1% 2.5% 0.544 0.324

CSCO Technology 43.9% 24.2% -8.6% -15.2% 0.670 0.308

IBM Technology 1.4% 9.4% 5.3% 8.0% -0.062 0.090

INTC Technology 44.6% 40.3% -0.4% -1.9% 0.649 0.501

MSFT Technology 110.3% 129.6% 6.1% 12.6% 1.863 1.915

AAPL Technology 79.9% 86.9% 6.4% 8.8% 1.385 1.163

Mean 47.8% 63.0% 3.9% 9.0% 0.869 0.905

Return AAR Sharpe Ratio

News and Twitter data
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though the Long-Only strategy yields a close to zero return, it has the very best AAR of each of the 31 firms’ 

Short/long strategies. It can be discussed whether a strategy would be better than others by simply never 

buying the stock but still yielding the highest AAR. 

Another conclusion is found for a trading strategy that can take a short position, as it can potentially generate 

a very high return, which is the case for the Short/Long strategy for the GE stock. The strategy ends up yielding 

an equity curve with an index value of 220. Looking closely, the movements of the curve are very sensitive to 

small movements in the GE stock price. The reason for this is that on the last trading day, the strategy owns 

~8 units of the GE stock. Owning eight units of stock means that every change in the stock price has an 8x 

effect on the trading strategy’s equity curve. 

The strategy only yields a return of ~120% even though it owns eight units. Both results are a consequence of, 

the fact that the strategy day by day increases its return while the stock’s price is declining, making the 

purchasing power of the strategy increasing exponentially. The large jumps in the Equity curve for the 

Short/Long strategy is a result of our defined strategy that only reinvests its earned money when it changes its 

position. 

The price development of the BA stock is moving in the opposite direction of the GE stock. The stock ends in 

index 235, and we can as well notice that it has some shared characteristics in its price developments with the 

DJIA index, however, with a steeper growth-rate. Any of the trading strategies that have been defined would 

find it difficult to outperform a stock that simply grows steady. That is, however, not precisely the case for the 

BA stock, which is also the reason our trading strategy can outperform it by a slight margin. Nevertheless, the 

two strategies yield a high return of approximately 173% for the Long-Only and 220% for the Short/Long, as 

an average of 750 simulations. However, even though they yield these great returns, they have a lower AAR 

than the Long-Only strategy of the GE stock. 

The just analysed developments of the stock price and equity curve of trading strategies for BA and GE clearly 

shows the complexness of comparing returns for trading strategies based on different stocks. If an investor 

could choose one of the four strategies to implement on one of the stocks, he would choose the Short/Long 

for BA as this yields the highest return. If the investor instead owns both stocks, he would get the biggest gain 

by implementing one of the sentiment strategies on the GE stock. This is a result of the increasing BA stock 

price that will always yield a positive return where the GE stock can only yield a positive return if the investor 

uses one of the sentiment strategies. Hence, it depends on the situation and the goal which strategy, that ads 

the most value to an investor. 
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Figure 46 (a) and (b): Indexed stock price and Equity curve from trading strategies for BA and GE for. Results of one random simulation 

which accounts for trading costs (Own creation) 

5.5.1.2 The best and worst 

Based on a combination of the best AAR and SR, we assess which firms perform the best. To choose one single 

firm as the best each of the firms was ranked by their two trading strategies’ parameters: AAR and SR. A final 

score is then obtained by multiplying their subjacent rankings64. A final ranking based on the final score is 

presented in Appendix 26. An extraction of the five best final ranking firms for each of the strategies can be 

seen below in Table 34 (a) and (b) while the five worst firms in Table 35 (a) and 35 (b). 

BA, GE, CVX and MSFT are represented in the top five for both strategies. Looking at the three best firms for 

the Short/Long strategy, we can argue that they have some shared characteristics. GE is a producer of a wide 

variety of industrial technology; BA is a producer of Airplanes and CVX of oil. A shared characteristic is their 

manufacturing of tangible products to sell to other industrial companies, and hence, none of them sells directly 

to private consumers. The products BA and CVX sell are only indirectly related to private spending. 

 

Table 34: Ranking of the top five firms for the two strategies. The whole ranking is presented in Appendix 26 (Own creation) 

The five firms with the worst final ranks are presented in Table 35 (a) and (b). Again, four of the six firms are 

represented in both tables: DIS, KO, AXP and CSCO. A shared characteristic for firms like DIS, WMT and KO is 

that they are very well known to most people and at least in the US, it would not be extraordinary to imagine 

a private person mentioning all three firms in a private conversation. Hence, the three firms are more closely 

 
64 A Short strategy that has the best AAR and SR will have a final score of 1, as 1*1 =1. Another strategy that ranks 
worst in AAR and SR will have a final score of 961 as 31*31=961. 

Firms Sector AAR
Sharpe 

Ratio
Firms Sector AAR

Sharpe 

Ratio

BA Industrials 5 1 5 1 GE Industrials 1 3 3 1

CVX Energy 4 4 16 2 BA Industrials 4 1 4 2

WBA Consumer Staples 2 10 20 3 CVX Energy 3 2 6 3

MSFT Technology 9 3 27 4 GS Financials 2 6 12 4

GE Industrials 1 29 29 5 MSFT Technology 9 4 36 5

Short/LongLong-Only

Raking
Final 

score

Final 

Rank

Raking
Final 

score

Final 

Rank
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related to consumers’ preferences and spending: Coca Cola or Pepsi, Walmart or Target, Disney or 

DreamWorks and many more could be named. 

Comparing these bottom-ranked firms to the top-ranked in Table 34 (a) and (b), a clear difference seems to 

be how closely the private consumers are linked to the firms. Few private consumers buy their plane ticket 

with the criteria that it should be an Airbus plain rather than Boing. Alternatively, preferring gas from Chevron 

over Exxon or power from a GE rather than from Siemens windmill. However, even though there seems to be 

a clear pattern, it is not fully consistently as a firm such as CSCO, in that case, should rather be a top-five than 

bottom-five firm. 

 

Table 35: Ranking of the bottom five firms for the two strategies. The whole ranking is presented in Appendix 26 (Own creation) 

5.5.1.3 Sectors 

The DJIA consists of firms classified into seven different sectors. The Sectors which are the most represented 

are Consumer65, Financials, Health Care, Industries and Technology. It is a small sample to base a general sector 

analysis on, especially for the sectors that are sparsely represented. 

In the representation of which data source that generated the best models in section 6.6.1. and we saw that 

the combination of News and Twitter as data sources was the optimal solution for ~2/3 of the firms. However, 

when investigating the sectors, which are all represented in Appendix 23, there is no clear pattern in sectors 

all preferring a special data source rather than another. However, there is one sector which all prefer a MDSM 

with a combination of Twitter and News, which is the Technology sector. To clarify any potential patterns, we 

exclude the models using a combination of Twitter and New and focus on the model only using one of the data 

sources. The results of which is the best can be seen in Table 36. From the table, we can see that companies 

from both Consumer Stables, Energy and Healthcare are all preferring to base their trading strategy on News 

sentiment rather than Twitter Sentiment. Opposing that, firms listed in the industrial sector is preferring 

Twitter sentiment data. However, again, the samples are relatively small, and with a not completely clear 

pattern, we cannot conclude anything specific. 

 
65 Both Consumer- Discretionary and Staples. 

Firms Sector AAR
Sharpe 

Ratio
Firms Sector AAR

Sharpe 

Ratio

DIS Communication Service 27 30 810 31 DIS Communication Service 28 31 868 31

WMT Consumer Staples 30 24 720 30 CSCO Technology 31 28 868 31

KO Consumer Staples 23 28 644 29 AXP Financials 30 26 780 29

AXP Financials 29 20 580 28 KO Consumer Staples 24 29 696 28

CSCO Technology 31 18 558 27 INTC Technology 23 24 552 27

Short-LongLong-Only

Raking
Final 

score

Final 

Rank

Raking
Final 

score

Final 

Rank
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Table 36: Table of which data sources yield the best average return/AAR/SR over 750 simulations for each firm (Own creation) 

From Table 36, it can be seen if there are any patterns in the clustered sectors by looking at the different return 

measures. Sectors represented by only one or two firms like the Materials and Energy sectors seem to have 

good AAR and SR’s but would be easier to base a conclusion on if there were more firms represented. Sectors 

like the Communication Service, Consumer Discretionary and partly Health Care looks to some of the sectors 

where trading by sentiment is most challenged. 

5.5.1.4 Part conclusion 

We did 750 simulations of trading strategies for each of the 31 firms based on sentiment from either Twitter, 

News or a combination of the two. We found the combination of data to be the best input for the average 

Firms Sector (GICS) News Twitter News Twitter

DWDP Materials X X

VZ Communication Service X X

DIS Communication Service X X

HD Consumer Discretionary X X

MCD Consumer Discretionary X X

NKE Consumer Discretionary X X

KO Consumer Staples X X

PG Consumer Staples X X

WBA Consumer Staples X X

WMT Consumer Staples X X

CVX Energy X X

XOM Energy X X

AXP Financials X X

GS Financials X X

JPM Financials X X

TRV Financials X X

V Financials X X

JNJ Health Care X X

MRK Health Care X X

PFE Health Care X X

UNH Health Care X X

BA Industrials X X

CAT Industrials X X

GE Industrials X X

MMM Industrials X X

UTX Industrials X X

CSCO Technology X X

IBM Technology X X

INTC Technology X X

MSFT Technology X X

AAPL Technology X X

LongOnly ShortLong
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trading strategy generally. When comparing trading strategies for different firms, we showed how the results 

can be challenging to make an unambiguous conclusion on, as both a high return, AAR and SR can be 

manipulative. The best and the worst firms were analysed based on a defined Final Ranking. From the analysis, 

we found indications that not sectors but rather the relation between the private consumer and the company 

influenced the sentiments prediction power. Finally, we analysed the sectors to find patterns for the usability 

of sentiment. It was found that some sectors preferred News sentiment while others preferred Twitter 

sentiment. Equally, we found weak indications of some sectors yielding a lower return from the sentiment 

trading strategies than others. However, the small data sample challenges the capability of making a 

conclusion. 

 Analysis Google, Twitter and News 

Previously in this paper, we have tried to formulate a proxy for market sentiment with the use of SV) data. This 

provoked the idea of applying Google Search Volume in a Firm-specific model. Section 6.6 specifies the 

approach and rationality. 

5.5.2.1 Return 

The results of the trading strategies are average values of 750 simulations and can be seen in Table 37. The 

results are very similar to those shown in the previous section, which did not use SVI data. Most of the firms 

that did well without SVI data are in this case, also the best firms with SVI data. Nevertheless, the results look 

good as 100% and 90% of the individual firms’ trading strategies on average yields a positive return for Long-

Only and Short/Long, respectively. If one had invested evenly in all 31 firms, it would have yielded a return of 

40% and 45% for the Long-Only and the Short/Long model respectively. Moreover, even though the majority 

of the AAR’s are slightly negative, the average AAR is positive for both strategies. 
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Table 37: Heatmap of the average results of 750 simulations for each firm. Colouring is scaled from red to green, where green is the 

highest values for each column. Firms are clustered by their GICS sectors. Returns of trading strategies account for trading costs (Own 

creation) 

To compare the differences in the return by implementing SVI data to the sentiment models, the differences 

are listed in Table 38. From the table, we can see that some firms benefit from adding SVI data. JPM is strongly 

improving their return for both strategies, while CAT’s Long-Only strategy is increased by ~30%points for its 

Long-Only strategy but decreased by the same for its Short/Long strategy. There is no clear pattern to observe, 

whether some sectors benefit more and other less by including SVI data. However, the best indication of a 

pattern could be the Industrial sector where 8/10 strategies’ returns are increased by including SVI data, while 

all four strategies from the two Energy firms are reduced. 

Of the Long-Only and Short/Long strategies, it seems that the Short/Long strategy suffered the most from 

including SVI data. The upside of adding SVI data for Short/Long is at max 8% while the downside is up to 

Firms Sector (GICS)
Long-

Only

Short/ 

Long

Long-

Only

Short/ 

Long

Long-

Only

Short/ 

Long

DWDP Materials 33.5% 24.5% 3.4% 4.3% 42.1% 31.3%

VZ Communication Service 23.5% 18.2% -0.5% -1.6% 0.404 0.277

DIS Communication Service 6.5% -8.2% -3.2% -6.2% -0.098 -0.223

HD Consumer Discretionary 36.3% 44.3% 1.7% 3.1% 0.720 0.681

MCD Consumer Discretionary 53.0% 32.3% -2.9% -5.9% 0.853 0.590

NKE Consumer Discretionary 27.1% 31.6% 0.9% 3.0% 0.412 0.378

KO Consumer Staples 9.1% 8.5% -0.6% -1.9% 0.260 0.114

PG Consumer Staples 21.1% 17.6% -0.3% -0.5% 0.379 0.322

WBA Consumer Staples 10.7% -6.9% 7.5% 3.3% 0.062 -0.158

WMT Consumer Staples 31.8% 44.9% -4.8% -0.8% 0.532 0.672

CVX Energy 63.9% 90.6% 10.0% 20.6% 1.020 1.397

XOM Energy 1.9% -4.5% 1.9% 1.9% -0.273 -0.159

AXP Financials 34.4% 28.3% -3.7% -7.4% 0.651 0.396

GS Financials 31.2% 35.0% 8.3% 12.3% 0.419 0.442

JPM Financials 97.3% 105.4% 5.0% 15.6% 1.288 1.613

TRV Financials 14.6% 8.0% -0.2% -0.8% 0.126 0.076

V Financials 79.9% 69.1% -1.7% -3.2% 1.286 1.045

JNJ Health Care 28.7% 13.7% -3.1% -5.2% 0.392 0.209

MRK Health Care 54.2% 30.1% -2.3% -5.7% 0.760 0.457

PFE Health Care 37.9% 31.5% -1.8% -2.4% 0.597 0.530

UNH Health Care 124.9% 98.7% -3.5% -6.6% 1.877 1.648

BA Industrials 183.3% 229.1% 16.8% 31.5% 2.856 2.886

CAT Industrials 122.6% 51.2% -7.6% -14.5% 0.882 0.555

GE Industrials 13.8% 175.1% 27.2% 83.7% 0.129 1.959

MMM Industrials 37.2% 21.9% -1.6% -3.9% 0.562 0.343

UTX Industrials 38.5% 28.0% 5.4% 4.2% 0.617 0.411

CSCO Technology 53.5% 21.5% -9.1% -16.1% 0.630 0.267

IBM Technology 0.5% 6.6% 4.9% 7.0% -0.094 0.044

INTC Technology 59.5% 19.8% -3.9% -8.7% 0.481 0.219

MSFT Technology 106.1% 83.7% -1.2% -2.8% 1.401 1.216

AAPL Technology 111.7% 41.0% -1.7% -6.6% 0.880 0.520

Mean 49.9% 44.9% 1.3% 2.9% 0.659 0.614

Google*News/Twitter data

Return AAR Sharpe Ratio



 

Page 99 of 157 
 

−85%. The opposite is the case for the Long-Only strategy as the upside of adding SVI data, both numerically 

and on average is larger than the downside. 

 

Table 38: List of %-points difference in return between the two models: Google*Twitter/News and Twitter/News. Negative values are 

a worsened return. Colouring is scaled from red to green, where green is the highest values for each column. (Own creation) 

Firms Sector (GICS) LongOnly ShortLong

DWDP Materials -12.4% -53.0%

VZ Communication Service -3.5% -12.0%

DIS Communication Service 3.9% -2.0%

HD Consumer Discretionary -2.5% 3.1%

MCD Consumer Discretionary 11.7% -0.4%

NKE Consumer Discretionary -0.9% -7.8%

KO Consumer Staples -2.1% 0.2%

PG Consumer Staples -1.7% -9.2%

WBA Consumer Staples -27.0% -67.7%

WMT Consumer Staples 0.7% 2.4%

CVX Energy -12.4% -44.5%

XOM Energy -12.1% -40.7%

AXP Financials -2.9% -2.9%

GS Financials -16.1% -85.4%

JPM Financials 26.6% 6.1%

TRV Financials -5.5% -25.2%

V Financials 5.9% -3.0%

JNJ Health Care -8.6% -28.7%

MRK Health Care 10.2% -7.1%

PFE Health Care 0.3% -19.5%

UNH Health Care 8.5% -15.1%

BA Industrials 1.4% 8.7%

CAT Industrials 32.3% -30.1%

GE Industrials 9.6% 2.0%

MMM Industrials 2.1% -16.4%

UTX Industrials 10.9% 5.1%

CSCO Technology 9.6% -2.7%

IBM Technology -1.0% -2.8%

INTC Technology 14.9% -20.5%

MSFT Technology -4.2% -45.9%

AAPL Technology 31.8% -45.9%

Google*News/Twitter - 

News/Twitter (%-points)
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5.5.2.2 Best and worst 

This section will take a look at the best and worst firms from the Google*News/Twitter model. We will assess 

the best and worst trading strategies for the firms, with the same procedure described in section 6.6.1.266. 

Extraction of the results can be seen in Table 39 (a) and (b). 

Both the Long-Only and Short/Long strategy has the same four companies as the top four. From the Long-

Only, we can see that MSFT is penalized by getting a very low ranking in the AAR, which one could argue is the 

most important component of the two (AAR and SR) which constitutes for the Final score. Comparing the two 

strategies, we can see that the relation between AAR and SR is much more closely related for the Short/Long 

strategy than the Long-Only. The fundamental reason for this is that a Long-Only strategy is delimited in its 

potential to yield a return for a firm with declining prices, but is however still able to yield a high AAR by simply 

not buying the stock. 

Comparing the top five firms with those from the Twitter/News model without SVI data, JPM has jumped into 

both rankings and taking the spot from WBA (Long-Only) and MSFT (Short/Long). Beyond that, there are not 

any major changes, and the top is still dominated by BA, GE and CVX. CVX manages to stay high rated even 

though its return is highly decreased by adding SVI data. 

 

Table 39 (a) and (b): Ranking of top-five firms for the two strategies. The whole ranking is presented in Appendix 27 (Own creation) 

The worst-ranked firms can be seen in Table 40 (a) and (b). It is mostly the same firms that are represented on 

both lists; the WMT and AXP are exceptions by only being represented once. Comparing the results with those 

from the News/Twitter model, it is again mostly the same firms that are represented. One of the changes is 

KO’s exit from both lists. Interestingly, it is not because KO has improved its return by adding SVI data, but 

there are just other firms that have become even worse with the addition of SVI data. The firm that has taken 

the spot of KO is JNJ. Table 38 showed that JNJ was one of the firms getting deteriorated the most by adding 

SVI data. 

 

Table 40: Ranking of bottom-five firms for the two strategies. The whole ranking is presented in Appendix 27 (Own creation) 

As done in section 6.6.1.3, we will look into the patterns of return for different sectors. In that section, we 

found indications of companies that have a low level of relation to the end-consumers, make better predictions 

 
66 𝐹𝑖𝑛𝑎𝑙 𝑠𝑐𝑜𝑟𝑒 =  𝐴𝐴𝑅𝑟𝑎𝑛𝑘𝑖𝑛𝑔  ∗  𝑆𝑅𝑟𝑎𝑛𝑘𝑖𝑛𝑔  

Firms Sector AAR
Sharpe 

Ratio
Firms Sector AAR

Sharpe 

Ratio

BA Industrials 2 1 2 1 BA Industrials 2 1 2 2

CVX Energy 3 6 18 2 GE Industrials 1 2 2 2

GE Industrials 1 26 26 3 CVX Energy 3 5 15 3

JPM Financials 7 4 28 4 JPM Financials 4 4 16 4

MSFT Technology 17 3 51 5 GS Financials 5 15 75 5

Long-Only

Raking
Final 

score

Final 

Rank

Short/Long

Raking
Final 

score

Final 

Rank

Firms Sector AAR
Sharpe 

Ratio
Firms Sector AAR

Sharpe 

Ratio

DIS Communication Service 25 30 750 31 DIS Communication Service 25 31 775 31

JNJ Health Care 24 23 552 30 CSCO Technology 31 23 713 30

INTC Technology 28 18 504 29 INTC Technology 29 24 696 29

WMT Consumer Staples 29 17 493 28 JNJ Health Care 22 25 550 28

CSCO Technology 31 13 403 27 AXP Financials 28 17 476 27

Short/LongLong-Only

Raking
Final 

score

Final 

Rank

Raking
Final 

score

Final 

Rank
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with sentiment, than firms having a direct interaction with the end-consumers. Indication of those patterns 

has not become clearer by adding SVI data. 

5.5.2.3 Part-conclusion 

In this section, SVI data was multiplied to each firms’ sentiment data. We found different impacts of the 

addition in the results. 50-60% of the strategies got worsened by the addition, and especially the Short/Long 

strategies were deteriorated the most. Adding SVI data did, however not, change significantly in which firms 

performed the best and worst. This indicates that it is the sentiment data rather than the SVI data that is 

valuable information for the prediction model and trading strategies. 

 Part Conclusion 

For the analysis of the firm-specific sentiment, a model for each firm with both Twitter and News’ Positive and 

Negative sentiment were used to generate buy and sell signals from predicted returns. In addition to that, one 

model that weighted the sentiment with the specific firm’s attention, measured by search volumes on Google, 

to indicate the strength of the sentiment effects (from Twitter and News) was created. 

The two approaches showed similar results and had overall small deviations from one another. Further, 

measured on AAR, the average results were, in fact, better when not adding Google attention. 

The analysis illustrated the challenges of comparing different stocks when examining several trading strategy- 

measures (return, AAR, SR). Especially the price development of the individual stock was of importance when 

comparing the measures. Nevertheless, we tried to find patterns in the results of the 31 firms, initially with a 

focus on sectors, which however showed ambiguous results. After comparing the best and worst firms, we 

found indications of, IS having the worst prediction power for stocks, which have a direct relation to the private 

consumer, and the best for stocks, which only have an indirect relation with private consumers. Hence, the 

best trading strategies were for firms such as Boeing, General Electric and Chevron. 

When analysing which of the two data sources yielded the best trading strategy, we found News and Twitter 

to be equally good, while the combination of the two, in most cases, improved the 31 trading strategies. On 

average, the AAR for the 31 firms was 3.9% and 9.0% for Long-Only and Short/Long respectively, when not 

using Google attention. After applying Google attention, the average AAR for the 31 firms diminished to 1.3% 

and 2.9%. Therefore, if an investor invested equally in all 31 firms, he would earn a small abnormal profit in 

both cases. Further, one would potentially be able to increase the abnormal profit if stock-picking were an 

option. The highest AAR was yielded by GE, of 27.2% and 83.7% for its two strategies.  

The findings indicate that an investor by using firm-specific Twitter and News with/without Google data as 

proxies for IS on individual firms, can make an extra profit. 
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6 Conclusion 
Several researches, articles and firms have already declared this century for “The Big Data Era”. With Big Data, 

many new possibilities but also challenges arise. This paper tried to investigate whether some Big Data sources 

can be used as an advantage to generate an extra profit for an institutional investor by using the data as proxies 

for IS and through that predict stock/index returns. Big Data is expected to be profitable since research within 

Big Data and the use of Big Data in business has pointed out that decisions based on data tend to be better 

decisions and that companies that have the ability to combine expertise and data tend to have an advantage 

over their competitors. Further, the rise of Big Data has caused changes in financial trading that potentially 

can improve predictions and trading strategies. 

Whether it is possible to predict stock returns is a discussion within financial theories. From the efficient 

market hypothesis, stock prices should not be predictable under certain assumptions such as, that the market 

is efficient and that investors are rational and does not have transaction costs. If the assumptions are met and 

the semi-strong form of efficiency holds, as several studies have brought evidence towards, it should not be 

possible to predict stock returns using the Big Data chosen in this paper as it is publicly available. However, 

within behavioural finance, studies have shown that investors are not always rational, but also trades based 

on noise, animal spirits and sentiment. Predicting this behaviour might, therefore, give a possibility of gaining 

a profit. 

As older researches have been focusing more on financial proxies of IS, the rise of new Big Data sources has 

shifted the focus. Several Big Data sources have already been found valid as proxies for IS here included data 

from Twitter, Google and News. Newer research, therefore, no longer focuses on proving these proxies but 

are more concerned with how to measure and analyse them. Therefore, this was also the focus of this paper. 

One general regression model was used in the analysis, which was the multiple linear regression with and 

without a rolling estimation window. Where much research has been focusing on the statistical aspect and 

measures of using IS proxies, this paper takes a more practical and financial focus, which is why the general 

measure in this paper is profitability improvements of different trading strategies. The strategies including 

sentiment were therefore compared to both a Buy&Hold strategy containing no data and a strategy using a 

Base model containing only financial data that were also included in the sentiment models. Two kinds of 

sentiment strategies were testes, one that could only go long or out of the index, and one that could either go 

long or short. 

Initially, index-specific data proxies from Twitter and News were used to predict the returns of the Down Jones 

Industrial Average index. Data for each 31 firm in the index was aggregated into a positive and negative 

sentiment variable for each data source. Together with their 5 days of lagged values, the underlying models of 

the predictions were able to use 10 sentiment variables and 5 financial variables. After tuning on the number 

of variables, the model using Twitter data excluded all variables. By forcing the model to include all variables, 

and not including trading costs, it was possible to gain a positive return. The trading strategies, including News 

data, was equally able to perform a positive return. Further, trading strategies for both data sources were able 

to outperform the Buy&Hold and base strategies, even after applying trading costs to the News models. These 

findings indicate that index-specific Twitter and News sentiment data improves the profitability of trading 

strategies. 

Afterwards, market-general data from News and Google were used as IS proxies on the index, using the same 

methods as before. The data from News consisted of the volume of the words Bullish and Bearish in News. 
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The models based on this data turned out the have the highest accuracy of all models analysed in this paper. 

The trading strategies using these models significantly outperformed both their base and Buy&Hold strategies 

on return and Sharp Ratios. Using market-general Google data, on the contrary, yielded the worst returns and 

were not able to outperform its base or Buy&Hold strategies. Changing the regression model to have a rolling 

estimation window, as suggested by earlier literature, only worsened the returns. However, the strategies 

were now able to outperform their Base model strategies. Within market-general sentiment data, there does 

seem to be an extra profit to gain, but it highly depends on the methods and data included. 

The last part of the analysis changed its perspective from an aggregated index level to look at the 31 firms and 

their related data separately. Two models were built for each firm, one containing Twitter and News data to 

predict the direction of the return and one that also included Google attention data to indicate the strength 

of the direction. The two models showed similar results for each firm, but in general, the best models were 

the ones not containing Google data. Both models were able to outperform their related Buy&Hold strategy. 

The different firms were difficult to compare as their performance according to different measures were 

largely dependent on their price developments. By looking at sectors, returns from firms with indirect 

consumer relations seem to be more predictable than if the firms are directly related to private consumers.  

The collection of obtained and earlier presented results, can be seen in table 41.  

 

Table 41: Realised returns from different trading strategies. Results based in 750 simulations. See appendix 27 for results without 

trading cost. 

 

  

Long-

Only

Short/ 

Long

Long-

Only

Short/ 

Long

Long-

Only

Short/ 

Long

Buy&Hold 37.1% 0.890

Base Model 36.5% 35.1% -0.2% -0.5% 0.192 0.837

Twitter -  Pos & Neg 34.8% 30.0% -0.6% -2.0% 1.330 1.019

News - Pos & Neg 35.0% 31.6% -0.6% -1.5% 0.991 0.744

News - Bull and & Bear 58.7% 86.1% 8.0% 17.0% 2.401 2.455

Google Non-rolling 1.1% -2.5% -1.3% -2.5% 1.052 0.744

Google Rolling* 8.3% -14.1% -8.4% -16.2% 0.135 -0.510

Firm specifik - News & Twitter 47.8% 63.0% 3.9% 9.0% 0.869 0.905

Firm specifik - Google*(News & Twitter) 49.9% 44.9% 1.3% 2.9% 0.659 0.614

Results with Trading Cost

Return AAR SR
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7 Discussion 
Throughout this paper, several choices have been made, which index(es) to use, which prices to use etc. Some 

of these choices and assumptions behind the results and final conclusion will be discussed in this section. The 

purpose of this chapter is to give the reader an understanding of some of the assumptions that have to be met 

for the conclusion to be valuable and valid and how the conclusion can be challenged by taking on other 

scenarios and conditions. However, first the results found will be discussed and related to earlier findings. 

 

7.1 Results 

In the literature review, we saw different results presented. Some studies focused on the correlation, others 

of the error term, 𝑅2, accuracy and only a few the return. Most studies have a more theoretical approach than 

this paper. Further, the different studies use a broad variety of sentiment proxies, predicted variables and time 

frames, which complicates a comparison. 

Our best results were obtained with the use of News mentions of Bullish and Bearish, yielding an AAR of 15% 

and 35%67 and an accuracy of 58%. 

Using Twitter data, Bollen et al. (2010) obtained a high accuracy of 87.6% and Oh and Sheng (2011) obtained 

one of 66.3%. The two studies distinguished them self from this paper, among other things, by having a short 

regression period of 3 and 9 months, respectively. Sprenger and Welper (2014) reported a 𝑎𝑑𝑗. 𝑅2 of 4.6% 

and See-To and Yang (2017) a 𝑎𝑑𝑗. 𝑅2 of 3%, which is higher than 𝑇𝑤𝑖𝑡𝑡𝑒𝑟𝑃𝑁’s of 2.1%. The four mentioned 

studies did also distinguish them from ours by collecting tweets and classifying them into sentiment groups by 

different tools. This could indicate, that better sentiment proxies than Bloomberg’s, can be obtained. 

Using News data, Tetlock (2007) presented an AAR of 7,3%, Uhl (2014) between 9-34% and Chen et al. (2018) 

an AAR of 2%68. As one can see, the results in the literature vary a lot. The results found in this paper is, as 

well, found both better and worse than those in the three studies. Tetlock (2007) and Chen (2018) distinguish 

them from ours by data mining News articles and classifying their sentiment. Differently, did Uhl (2014) use 

the Bloomberg competitor, Thomson Reuters, to provide News sentiment data, similar to our process. Even 

though Uhl (2014) uses a similar process, he obtained better results. Nevertheless, are the results of the News 

volume of the words Bullish and Bearish, yielding equally good results. Supporting, our finding, that 

methodology and data can have a great influence on the results. 

Using Google SVI data, Preist et al. (2013) presented a high AAR of 20.9%69. They were, however, later criticized 

by Challet and Ayed (2014) for their method. A method which did also distinguish itself from ours by including 

a small word pool (98) with many non-financial words, such as one of its most significant words, colour. The 

results are fare better than those we were able to obtain with Google SVI data. Da et al. (2013) also only had 

149 financial words in their final word pool. The small word pools were in contrast to our 873 words. Da et al. 

(2013) did, however, not make a trading strategy to yield a return, we could compare with. It is a possibility 

that the poor performance of our Google models, comparing to Preist et al. (2013), is caused by the differences 

 
67 Without trading cost, to compare returns on equal terms with those presented in the literature review. 
68 There is a small deviation in the calculation of AAR, with only a little influence. 
69 Calculated by us, based on presented results. 
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in the word pools. Hence, a smaller and more “concentrated” word pool might be better than one containing 

an overwhelming number of words. 

 

7.2 Investor segment 

One of the most central choices in this paper and the choice that is behind most later choices is what kind of 

investor this project should speak to. Overall this project differentiates between a private and institutional 

investor. Private investors are by other papers also referred to as individual investors. A private investor is then 

people with a little or no financial knowledge, and where investing is not their primary income. For a private 

investor building, maintaining and running the models and strategies, used here, will often require too great 

a skill-set within finance and econometrics. They will, in most cases, not have time or resources to trade more 

frequently than once a week, as trading is not their main job. Other factors that could affect this study, if 

private investors were targeted, is their disposable income. For institutional investors, the amount of money 

invested is mostly much larger than for most private investors. However, there are also advantages of making 

this study more relevant to private investors as US private investors hold close to 50% of the stock market in 

direct stock investments and most sentiment analyses focuses on institutional investors (See-To & Yang, 2017). 

Another thing worth keeping in mind is that, as mentioned in the trading cost section, private and institutional 

investors often have very different trading costs as an institutional investor often has higher bargaining power. 

Which type of investor to choose depends on the scope and purpose of the study. There does, therefore, not 

seem to be an optimal choice, but it is crucial to keep in mind that the type of investors changes many of the 

conditions chosen for this paper. 

 

7.3 Data  

Many choices were made during the collection and transformation of the data. Some of these choices and 

their alternatives will be discussed in the following sections. 

 Index and prices 

This paper only examines an investors possibility of gaining an extra profit by using sentiment data on the Dow 

Jones Industrial Index and the firm within the index. Whether the conclusions in this paper will also hold for 

other firms, sector or indexes is hard to say. Several initiatives have been taken throughout the paper to make 

the model more general and reduce overfitting. The DJIA was chosen as this index has a good reputation, 

attract a large number of investors and are considered representative of the sectors covered by the index 

(McGraw Hill Financial, 2019). Because of limited resources and pages for this paper and a wish not to make a 

superficial analysis,’ the index was also favourable as it only consists of 30 firms. Another index or firms from 

other indexes might have yielded higher/lower excess returns. An investor reading this paper must, therefore, 

be aware of the firm or indexes used. A comparison of the results for different firms and indexes could be up 

for further research. 

Next, which prices to calculate and predict the returns of, is up for discussion. For this paper, the opening 

prices of the index/firms were chosen. Another possibility is to use closing prices or adjusted prices. Our 

concern about using closing prices is that other investors will have all day to trade on the sentiment 

information and it, therefore, is already incorporated into the closing prices. This could make the returns more 

difficult to predict and therefore blur the conclusion of the research question. Within earlier literature, there 
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is no clear choice of prices. Example of a study using close prices is See-To & Yang (2017), while Bijl et al. (2016) 

use opening prices. It is questionable whether it would make a big difference which price to choose. For the 

index, the correlation between the opening and closing prices were 0.9998, which indicates that they move 

perfectly together. To our knowledge, no work has until now analysed the difference between using different 

prices. 

The DJIA opening prices are then collected with a daily observation frequency. Within earlier research, this 

frequency varies. While some papers use daily-, some use weekly- and others monthly data. The optimal 

frequency depends on what the study or investor wants to get out of the research. For a private investor, daily 

trading will possibly require too many resources, while institutional investors can have machines that make it 

possible to trade every hour and maybe even every minute. As this paper is concerned with the institutional 

investor, it seems reasonable to use daily data. In addition to this, earlier research seems to find that 

information is adapted faster and faster into the stock prices (See-To & Yang, 2017). As our investor wants to 

get the biggest abnormal return, monthly and weekly trades/data might be too big intervals. 

 Sentiment data 

Sentiment data can be collected from many different sources with different methods. The Twitter and News 

sentiment data has been collected from Bloomberg but could also have been collected from other sources 

such as Reuters or have been data-mined, such as many research papers do. We cannot determine if changing 

data sources would have improved or worsened the outcome of our results. It can be speculated that the ideal 

solution would be to combine data, e.g. Twitter sentiment, from different data sources. 

The Google SVI data was only collected for US searches. Priest et al. (2013) found that US data perform better 

when analysing a US index than global data. However, in a time of globalisation, one could speculate that 

sentiment from the whole world is having an increasing effect on national-based indexes, such as DJIA. On the 

other hand, as we use English words, collecting data from the whole world could potentially generate noise in 

the SVI as some words have other meanings in different countries or languages. An example is the word Boom, 

which is highly searched in Spain (a popular TV show), Portugal (a music festival) and Belgium (a town), and 

thereby all represent different meanings. One could test the different outcome of results by changing the geo-

restrictions for the SVI data. 

The literature showed no consensus regarding how many lags they found ideal for regression analysis. The 

difference could, for example, be due to different data, observation frequency, method or purpose with the 

research. In a cross-correlation of sentiment and control variables, we found a very low level of ‘sentiment 

leading DJIA’. The results were, therefore, unambiguous both regarding the usability of the data and the ideal 

lag length. Choosing five lags, as an assessment of literature practice and with the argument of a week having 

five trading days, could be challenged. Ideally, future research could investigate the influence of included 

sentiment lags.  

Another problematic with using lags is that sentiment is also generated during weekends, and is possibly 

influencing market prices. Bloomberg e.g. does not collect sentiment data in the weekends, and naturally 

neither stock prices. Therefore, the regression model will in its prediction of Mondays’ stocks’ prices-changes, 

use lags, which will be several days old sentiment data. Our measures of sentiment and use of lags do not solve 

this problem. According to a study by Chen et al. (2018), 94% of all articles were published on trading days, 

where 70% were before or in the trading hours. This finding indicates that the missing data from days with no 
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trading might not be a big problem. This could potentially be tested by comparing the tested regression models 

precision and accuracy on Mondays and Fridays. 

 Control variables 

In the literature review, we reported a wide variety in which variables that have been used as control variables. 

In the strive to get a model as slim as possible, we chose to use the most used one, VIX. Nevertheless, we 

cannot know if changing or adding more control variables would benefit either the Base- or Sentiment models. 

It could be interesting to investigate how the addition of different control variables would affect the difference 

between- the base and sentiment models. 

The argument for using a control variable is twofold: 1) To make a base-model available and thereby enable a 

comparison of models with and without sentiment. 2) to have a component that explains the economic effects 

on the stock market, which is hopefully consistent with EMH. VIX has been discussed and used in market 

modulation for several decades, but one could argue that other conventional components would be better at 

explaining market changes. Examples of such could be the ADS index70 or EPU index71, which for instance 

consider political uncertainty, real GDP, jobless claims, personal income and many more. The effects of 

changing the control variables to ones that more explicitly measure macroeconomic conditions would be 

interesting to analyse. 

 

7.4 Methodology 

Also, many choices were made within the used methodology. Again, earlier research shows no clear results of 

which statistical methods to use. This is out of the scope of this paper and could be up for further research 

and whole new papers. As the methodology has an impact on the findings and conclusion, it is not completely 

irrelevant for an investor and will therefore shortly be addressed in the following sections.  

 Regression models 

A very common regression model used for time-series sentiment data when predicting stock returns is the 

multiple linear regression model (OLS). This model is also well-known within other areas of financial research. 

Earlier literature has, as mentioned earlier, already found reliable results using the linear regression model. 

From the theories addressed in section 2, it seems reasonable to assume that high(low) sentiment changes 

lead to high(low) stock price-changes and the relation, therefore, can be described by a linear regression. 

Nevertheless, the different residuals found for different strategies, in this paper, indicated that a linear relation 

might not be optimal as the models did not explain some clear patterns. Other researches have also tried to 

predict the stock prices including support vector regression, principal component analysis and other statistical 

methods. As far as our knowledge goes, only one study has compared different methods in order to find the 

best description of the relation between the stock return and sentiment. Bollen et al. (2010) compared a linear 

and non-linear model and found a non-linear relationship to be the best fit. Nevertheless, we have not been 

able to find other studies that focus on different relations, and since many other studies have found a linear 

relationship usable, this paper takes its starting point using the classic multiple linear regression model. 

 
70 ADS short for, Aruoba-Diebold-Scotti Business Conditions Index. 
71 EPU short for, Economic Policy Uncertainty Index 
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Which tuning parameter is the most optimal to use is also hard to answer. We used AIC, but other parameters 

could have been Hannan-Quinn or Bayesian Information Criterion (BIC). There are both advantages and 

disadvantages to all parameters. BIC often chooses too small a model while AIC chooses to big a model. 

According to Dziak et al. (2012), there is no clear conclusion about when to use AIC’s and when to use other 

approaches. In general, AIC is favourable when a false negative is considered more misleading than a false 

positive, as this is the case in this paper, the AIC was chosen as the tuning parameter. 

The regressions build in this paper is dependent on a relationship between the sentiment- and the index/firm 

return- variable. The analysis, therefore, starts out by looking at the correlations between different variables. 

It is, however, important to keep in mind that correlation is not the same as causality. This means that even 

though this paper finds a significant correlation, it does not mean that sentiment is causing changes in the 

stock return. For an investor only concerned with gaining a profit, it might be irrelevant, but for further studies 

and the aim of a generalised model, this is also why the coefficients and words used are analysed to see if 

there could be a rational financial explanation for the findings. According to Varian (2010, 2013) observational 

data, no matter its size, can often only measure correlation and not causality. Some researchers argue that 

machine learning algorithms should not end up giving the final conclusion but rather be a guide to further 

investigation. The value of Big Data is to be able to go from correlations to identifying correct correlations for 

strategic actions (Lambrecht & Tucker, 2015). This paper found this point relevant when analysing the model 

build only on Twitter data. From statistical measures, there were no significant correlations or coefficients 

showing that Twitter sentiment is causing return changes, but when using the data on our actions, the strategy 

including sentiment data still outperformed both the base- and the Buy&Hold-strategy. 

Another point worth keeping in mind is the possibility of reversed causality. The study in this paper builds on 

the assumption that sentiment leads to changes in stock/index returns, but it might be working the other way 

around. The sentiment of investors could potentially be affected by changes in returns. In the crosscorrelation 

section, we have tried to investigate this briefly.  

 Hold-out data 

As a strive to increase the validity and robustness of the tested models, by reducing overfitting, we have 

worked with 20 % holdout. Having holdout data of about ~20 % is a common practice, but frequently used for 

the final period of the time series, e.g. the last year of a five year time frame. An advantage of doing so is that 

the regressed model is only being tested on data it has not seen before. This is opposite to our methods, where 

the regression model has already seen 80 % of the data it is being tested on. That process can potentially harm 

the validity of the results, as they are diluted by the 80% less relevant results. However, as also mentioned in 

section 4.1.1.1, we found our method to be optimal based on two arguments: 

1) With less than 750 observations, we have a relatively short dataset, which makes it more vulnerable for 

taking out a bounded period for testing. 

2) When analysing a prediction model, the results and quality of the model are sensitive regarding which 

bounded period is selected for testing. As an example, if the year 2017 had been the last year of the DJIA 

dataset, and therefore selected as the testing set, several problems would occur: 
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A) The regression model would almost solely be tested for predicting index growth, and not index 

declines as the index is almost only showing growth rates72. Thereby, we would not be able to test any 

model’s ability to predict index declines. 

B) In a state, were the chosen asset (DJIA) is mowing steady in only one direction (up or down), a trading 

strategy is almost irrelevant, as it will only be tested on its ability to stay in or out of the market for the 

whole testing period. For example, if the asset went down for a whole year, such as GE was showed to 

do73, no Long-Only trading strategies would be able to show their full potential, as they should ideally 

never trade. 

It can be argued that the results of the sentiment models are non-realistic due to our used hold-out process. 

Nevertheless, the Base model has had the same condition for its regressions. The realism of the yielded returns 

of the sentiment trading strategies can, therefore, be discussed but shows in many cases that they are 

nonetheless better than the Base model. For further research, it would be interesting to change the hold-out 

method and test the regressed model under a different method. 

 

7.5 Trading strategy 

Especially the assumption of the trading strategy plays an important role in the possible returns and the return 

relative to the comparison models (Base and Buy&Hold).  

The trading strategies have had several restrictions. On restriction for the Short/Long strategy was regarding 

its limitation of shorting. Fundamentally, shorting a stock has the advantage of demanding only a low level of 

liquidity and only cost a small fee for borrowing the asset during the shorting period. However, it is to some 

degree typical for the broker to demand security, and therefore, the trading strategy is restricted not to take 

a larger short position than it could take with a long position74. The assumption could be argued to be 

unrealistic. Removing this restriction would make the Short/Long strategy able to increase its risk and thereby 

potentially increase its yielded return. It would be interesting to investigate how the different Short/Long 

strategies would be affected by a less strict restriction. An example is the 𝑁𝑒𝑤𝑠𝐵𝐵- model’s strategies which 

increased its return from ~60% to ~90% by letting it take a short position. However, some strategies would 

become even worse if the restriction was not there. 

When applying the cost to the trading strategies, we did also add thresholds. The thresholds are added to help 

the trading strategy not only to make predictions but also take trading costs into account, before making a 

decision. Even though the thresholds are there to help the trading strategies, it can potentially harm them. 

The problem with the thresholds is that they are static. By static, we mean that they do not take more than 

one day’s trading cost into account. If one ETF owner wants to take a short market position, he will estimate 

whether the market decline will be greater than both the brokerage cost and the cost of the loan of security. 

If he is smart, he will increase his estimate of the loan of security cost, as he will possibly stay short for a more 

extended period than one day. However, the thresholds evaluate those cost as a one-time cost, for which its 

prediction only needs to exceed on that specific day. Thereby, it forgets to take into account that it is likely 

 
72 The DJIA increased its value with ~25% for 2017, and expanding the time frame to 14 months, it increased by 50% 
73 See section 5.5.1.1 
74 If the strategy could only take a long position of 1.7 ETF units, it would equally be restricted to take a short position 
of ~1.7 units (accounting for shorting-cost). 
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that the strategy will stay short for a longer period than one day and hence pay more than on days loan of 

security cost. It would be interesting to investigate if tuning on these thresholds, could potentially improve the 

performance of the strategies in this paper.  
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10 Appendix 
 

Appendix 1: The table shows the volume of tweets gathered as raw tweets, from SentiOne, for each firm 

before and after filtering for cashtags 

 

 

Appendix 2: Descriptive statistic for individual firms Bloomberg Twitter sentiment 

The tables show the descriptive statistics for the time series of the positive and negative sentiment for each 

of the 25 firms for which there was available data from SentiOne. Weight is the individual stocks share of the 

total aggregated sentiment. 

 

 

 

Ticker MMM AXP AAPL BA CAT CVX CSCO KO DWDP XOM GS HD IBM INTC JNJ JPM

Total Tweets# 213,934   16,545      96,458      867,753   - 5,452        8,794        - - - - - 315,750   12,248      47,189      3,559          

Final Tweets# 2,216       12,522      37,285      10,387      - 3,186        5,228        - - - - - 14,056      6,501        13,438      2,108          

Ticker MCD MRK MSFT NKE PFE PG TRV UNH UTX VZ VISA WMT WBA DIS GE Total

Total Tweets# 12,539     10,200      38,069      2,104        7,937        49,764      2,828        1,687        576            6,634        29,108      8,641        9,059        659,785   622,856   3,049,469  

Final Tweets# 718           5,818        3,797        1,219        5,632        3,690        1,116        327            407            4,710        2,181        1,501        309            9,296        13,587      161,235     

MMM APX APL BA CVX CSCO IBM NTC JNJ JPM MCD MRK MSFT

Sentiment -712 -2530 -8882 -2059 -904 -1321 -4155 -1714 -5792 -218 -92 -619 -184

n 1096 1096 1096 1096 1096 1096 1096 1096 1096 1096 1096 1096 1096

Volatility 10 99 577 45 72 33 95 26 542 2 1 5 1

Mean -1 -2 -8 -2 -1 -1 -4 -2 -5 0 0 -1 0

Median 0 0 0 0 0 0 0 0 0 0 0 0 0

Max -39 -175 -307 -96 -269 -120 -93 -51 -428 -26 -11 -30 -10

Weight 1.8% 6.3% 22.2% 5.1% 2.3% 3.3% 10.4% 4.3% 14.5% 0.5% 0.2% 1.5% 0.5%

NKE PFE PG TRV UNH UTX VZ VISA WMT WBA DIS GE Average

Sentiment -61 -348 -265 -21 -11 -32 -515 -315 -157 -3 -4192 -4907 -1600

n 1096 1096 1096 1096 1096 1096 1096 1096 1096 1096 1096 1096 1096

Volatility 0 2 1 0 0 0 4 2 2 0 98 186 72

Mean 0 0 0 0 0 0 0 0 0 0 -4 -4 -1

Median 0 0 0 0 0 0 0 0 0 0 0 0 0

Max -12 -14 -14 -11 -7 -11 -20 -23 -20 -3 -98 -171 -82

Weight 0.2% 0.9% 0.7% 0.1% 0.0% 0.1% 1.3% 0.8% 0.4% 0.0% 10.5% 12.3%

Positive Sentiment - SentiOne Tweets

MMM APX APL BA CVX CSCO IBM NTC JNJ JPM MCD MRK MSFT

Sentiment -712 -2530 -8882 -2059 -904 -1321 -4155 -1714 -5792 -218 -92 -619 -184

n 1096 1096 1096 1096 1096 1096 1096 1096 1096 1096 1096 1096 1096

Volatility 10 99 577 45 72 33 95 26 542 2 1 5 1

Mean -1 -2 -8 -2 -1 -1 -4 -2 -5 0 0 -1 0

Median 0 0 0 0 0 0 0 0 0 0 0 0 0

Max -39 -175 -307 -96 -269 -120 -93 -51 -428 -26 -11 -30 -10

Weight 1.8% 6.3% 22.2% 5.1% 2.3% 3.3% 10.4% 4.3% 14.5% 0.5% 0.2% 1.5% 0.5%

NKE PFE PG TRV UNH UTX VZ VISA WMT WBA DIS GE Average

Sentiment -61 -348 -265 -21 -11 -32 -515 -315 -157 -3 -4192 -4907 -1600

n 1096 1096 1096 1096 1096 1096 1096 1096 1096 1096 1096 1096 1096

Volatility 0 2 1 0 0 0 4 2 2 0 98 186 72

Mean 0 0 0 0 0 0 0 0 0 0 -4 -4 -1

Median 0 0 0 0 0 0 0 0 0 0 0 0 0

Max -12 -14 -14 -11 -7 -11 -20 -23 -20 -3 -98 -171 -82

Weight 0.2% 0.9% 0.7% 0.1% 0.0% 0.1% 1.3% 0.8% 0.4% 0.0% 10.5% 12.3%

Negative Sentiment - SentiOne Tweets
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Appendix 3: The tables show the descriptive statistics for the time series for the positive and negative 

sentiment for each of the 31 firms for which there was available data from Bloomberg Tweets. Weight is the 

individual stocks share of the total sentiment. 
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Appendix 4: Correlation matrix for the positive and negative Bloomberg Twitter sentiment. Based on time 

series for each for the 31 firms. 

 

 

 

 

 

 

 

MMM APX AAPL BA CAT CVX CSCO KO DWDP XOM GS HD IBM INTC JNJ JPM MCD MRK MSFT NKE PFE PG TRV UNH UTX VZ VISA WMT WBA DIS GE

MMM 1.00

APX 0.03 1.00

AAPL 0.05 0.01 1.00

BA 0.14 0.04 0.10 1.00

CAT 0.81 0.01 0.02 0.16 1.00

CVX 0.02 0.04 0.09 0.05 0.02 1.00

CSCO 0.04 0.03 0.02 0.07 0.03 -0.01 1.00

KO 0.28 0.13 0.10 0.16 0.27 0.06 0.04 1.00

DWDP 0.03 0.00 0.19 0.19 0.04 0.08 0.07 0.09 1.00

XOM 0.05 0.12 0.23 0.08 0.01 0.16 0.03 0.03 0.21 1.00

GS 0.04 0.11 0.03 0.01 0.02 0.01 0.04 0.02 0.03 0.11 1.00

HD -0.01 -0.01 0.07 0.00 -0.01 0.01 0.10 0.01 0.00 0.00 0.04 1.00

IBM 0.00 0.11 0.03 0.01 -0.01 0.01 0.00 0.05 -0.02 0.02 0.32 0.00 1.00

INTC 0.03 0.15 0.01 0.03 0.02 0.06 0.00 0.09 0.05 0.08 0.15 -0.01 0.03 1.00

JNJ 0.02 0.06 0.01 0.19 0.04 0.02 0.12 0.00 0.35 0.03 0.15 0.00 0.13 0.11 1.00

JPM 0.02 0.05 0.10 0.09 0.01 0.13 0.10 -0.03 0.04 0.10 0.17 0.09 0.04 0.04 0.01 1.00

MCD 0.27 0.09 0.08 0.12 0.33 0.04 0.16 0.14 0.13 0.14 0.12 0.09 0.04 0.03 0.08 0.04 1.00

MRK 0.01 0.00 0.03 0.01 0.00 0.03 0.01 0.02 0.02 0.01 0.00 0.18 0.00 0.00 0.00 0.01 -0.01 1.00

MSFT 0.01 0.05 0.03 -0.01 0.00 0.03 0.00 0.00 0.03 0.03 0.02 -0.01 0.01 0.04 0.03 0.05 0.04 0.01 1.00

NKE -0.01 0.07 0.00 0.00 -0.02 0.03 0.10 0.05 -0.01 0.01 0.02 0.02 -0.02 0.00 -0.02 0.09 -0.02 -0.01 -0.01 1.00

PFE -0.02 -0.01 0.11 -0.02 -0.02 0.04 0.05 -0.02 0.03 0.07 -0.01 0.06 -0.02 -0.02 0.00 0.06 -0.01 0.00 0.02 0.00 1.00

PG 0.10 0.12 0.20 0.10 0.07 0.17 0.05 0.12 0.05 0.14 0.06 0.03 0.10 0.02 0.04 0.11 0.16 0.08 0.02 -0.03 0.05 1.00

TRV 0.06 0.46 0.04 0.09 0.05 0.00 0.09 0.04 0.04 0.07 0.07 0.06 0.11 0.13 0.11 0.10 0.16 0.02 0.03 0.04 0.00 0.14 1.00

UNH -0.01 0.15 0.00 -0.01 -0.01 -0.02 -0.03 0.00 0.02 0.00 0.46 0.10 0.28 0.09 0.17 0.10 0.13 0.01 0.01 -0.01 -0.01 0.00 0.14 1.00

UTX -0.01 0.14 0.04 0.02 -0.02 0.01 0.00 0.07 0.04 0.04 0.50 0.10 0.32 0.13 0.21 0.10 0.19 0.01 0.01 0.00 -0.01 0.02 0.14 0.85 1.00

VZ 0.02 0.02 0.03 0.00 0.07 0.02 0.00 0.02 0.01 0.02 0.03 -0.01 0.06 0.02 0.01 0.10 0.05 0.00 0.00 0.00 0.01 0.06 0.15 0.01 0.01 1.00

VISA 0.16 0.13 0.05 0.02 0.14 0.11 0.00 0.06 0.05 0.13 0.18 0.01 0.02 0.11 0.05 0.08 0.05 0.07 0.06 0.01 -0.02 0.23 0.10 0.10 0.10 0.02 1.00

WMT -0.01 0.01 -0.02 -0.01 -0.02 0.07 0.32 -0.01 -0.01 0.00 0.02 0.06 0.04 -0.02 -0.01 0.08 0.07 0.01 -0.01 0.00 -0.01 0.12 0.03 -0.03 -0.01 0.00 0.00 1.00

WBA 0.05 0.25 0.03 0.00 0.03 0.08 0.00 0.02 0.00 0.02 0.07 0.01 0.01 0.06 -0.01 0.12 0.05 -0.01 0.05 0.27 0.01 -0.01 0.15 0.10 0.08 -0.01 0.05 -0.01 1.00

DIS -0.02 0.02 0.01 0.01 0.00 -0.01 -0.01 0.08 0.03 0.00 0.06 0.00 0.00 0.00 -0.01 0.03 0.05 -0.01 -0.01 0.02 -0.01 -0.01 -0.03 0.04 0.05 -0.01 -0.01 0.01 0.00 1.00

GE 0.03 0.08 0.01 0.08 0.03 0.04 0.01 0.04 0.08 0.08 0.11 0.09 0.02 0.05 0.00 0.09 0.06 0.07 0.01 0.01 -0.05 0.11 0.09 0.03 0.05 0.01 0.37 0.01 0.06 0.00 1.00

Positive Twitter Correlation Matrix

MMM AXP AAPL BA CAT CVX CSCO KO DWDP XOM GS HD IBM INTX JNJ JPM MCD MRK MSFT NKE PFE PG TRV UNH UTX VZ VISA WMT WBA DIS GE

MMM 1.00

AXP 0.00 1.00

AAPL 0.11 0.03 1.00

BA 0.04 0.08 0.24 1.00

CAT 0.22 0.01 0.11 0.12 1.00

CVX 0.08 0.02 0.05 -0.01 0.01 1.00

CSCO -0.01 0.00 0.01 0.01 0.01 -0.01 1.00

KO 0.04 0.06 0.06 0.03 0.03 0.00 0.00 1.00

DWDP 0.01 0.01 0.04 0.03 -0.01 0.06 -0.01 0.04 1.00

XOM 0.02 0.06 0.13 0.02 -0.01 0.14 0.02 0.00 0.02 1.00

GS 0.04 0.02 0.10 0.04 0.01 -0.01 0.03 0.09 0.02 0.02 1.00

HD 0.01 0.01 -0.02 -0.02 0.00 0.06 0.08 -0.01 -0.01 0.09 -0.01 1.00

IBM -0.02 0.11 0.05 -0.01 -0.01 0.01 -0.01 0.05 0.00 0.03 0.27 0.01 1.00

INTX 0.00 0.04 0.00 -0.01 0.00 -0.02 0.01 0.24 0.04 0.00 0.30 -0.01 0.17 1.00

JNJ 0.01 0.00 0.02 0.00 -0.01 0.06 0.01 0.02 -0.01 0.03 0.04 0.01 0.07 -0.01 1.00

JPM -0.03 -0.02 0.02 0.05 -0.03 0.02 0.02 0.04 0.02 0.01 0.07 0.01 0.05 0.01 0.02 1.00

MCD 0.01 -0.01 -0.02 0.02 0.02 0.03 0.01 0.07 0.11 0.02 0.04 0.08 0.00 0.07 0.01 0.09 1.00

MRK 0.01 -0.01 -0.01 0.00 -0.01 0.02 0.01 -0.01 0.00 0.01 -0.01 0.04 -0.01 0.00 0.01 -0.01 -0.01 1.00

MSFT 0.02 0.01 0.04 -0.02 0.07 0.13 -0.01 0.02 0.00 0.08 0.01 0.00 0.01 0.02 0.00 0.00 -0.01 0.00 1.00

NKE 0.03 0.00 0.02 0.01 -0.02 0.03 -0.01 0.00 0.11 0.05 0.03 0.01 -0.03 -0.01 0.04 0.01 -0.01 -0.01 -0.02 1.00

PFE -0.02 -0.02 0.07 0.31 -0.02 0.04 -0.01 -0.01 0.00 0.03 0.00 0.00 -0.01 -0.03 0.01 0.08 -0.01 -0.01 0.02 0.02 1.00

PG 0.08 0.05 0.14 0.03 0.02 0.07 -0.01 0.12 0.02 0.03 0.05 -0.01 0.03 -0.01 0.02 0.00 0.01 0.00 0.02 0.05 0.01 1.00

TRV 0.06 0.19 0.01 0.02 0.04 0.06 -0.02 0.10 0.06 0.12 0.03 0.00 0.04 0.06 0.05 0.04 -0.01 0.00 0.06 -0.03 -0.01 -0.01 1.00

UNH -0.01 0.05 0.02 -0.01 -0.01 0.00 0.03 0.13 0.00 -0.01 0.23 0.01 0.39 0.40 0.03 0.07 0.05 0.00 0.00 -0.02 -0.01 0.04 0.01 1.00

UTX -0.01 0.05 0.02 -0.01 -0.01 0.00 0.03 0.13 0.00 -0.01 0.23 0.01 0.39 0.40 0.03 0.07 0.05 0.00 0.00 -0.02 -0.01 0.04 0.01 1.00 1.00

VZ 0.05 0.05 0.08 0.06 0.05 0.14 0.01 0.03 0.05 0.00 0.06 0.03 0.01 0.05 0.00 0.10 0.01 0.01 0.04 -0.03 0.01 -0.01 0.21 0.03 0.03 1.00

VISA 0.02 0.01 0.02 -0.03 0.07 0.04 -0.01 0.00 0.08 0.05 0.08 -0.02 0.05 0.01 -0.04 0.02 -0.03 -0.01 0.05 0.01 0.02 0.01 0.07 0.09 0.09 0.06 1.00

WMT 0.01 0.13 0.06 0.04 0.06 0.02 0.08 -0.02 0.00 0.00 0.09 0.01 0.10 0.00 0.00 0.06 0.03 0.02 -0.01 -0.04 0.01 0.02 0.05 0.04 0.04 0.03 -0.03 1.00

WBA 0.02 0.03 0.00 -0.01 0.01 0.05 -0.01 0.20 0.00 0.00 0.01 -0.01 0.00 0.02 0.01 0.01 0.01 0.00 0.02 0.05 0.07 0.07 0.06 0.01 0.01 0.01 0.03 0.00 1.00

DIS -0.01 0.02 -0.01 0.01 -0.03 -0.01 0.00 0.03 -0.01 -0.01 0.00 0.01 0.05 0.02 0.03 0.03 0.06 0.00 0.01 -0.01 -0.02 0.02 0.01 0.01 0.01 0.01 0.05 0.11 0.00 1.00

GE 0.02 0.06 -0.04 0.01 -0.02 -0.04 -0.02 0.02 0.05 -0.01 0.00 0.04 0.03 0.02 -0.01 0.02 0.17 0.03 -0.01 0.00 -0.03 0.03 0.00 0.02 0.02 -0.02 0.02 0.00 0.01 0.03 1.00

Negative Twitter Correlation Matrix
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Appendix 5: Correlation matrix for the positive and negative Bloomberg News sentiment. Based on time series 

for each for the 31 firms. 

News 

 

 

Appendix 6 

Financial word list: 

absolute advantage financial intermediary priceless 

abundance financial investment primary discount rate 

accounts financial markets public company 

AXP BA CAT CSCO CVX DIS DWDP GE GS HD IBM INTC JNJ JMP KO MCD NKE PFE PG TRV UNH V VZ WBA WMT XOM UTX AAPL MMM MRK MSFT

AXP 1.00

BA 0.06 1.00

CAT 0.07 0.19 1.00

CSCO 0.02 0.04 0.01 1.00

CVX 0.11 0.17 0.08 0.01 1.00

DIS 0.00 0.01 0.02 0.02 0.06 1.00

DWDP 0.07 0.25 0.13 0.08 0.33 0.03 1.00

GE 0.23 0.13 0.10 0.03 0.22 0.02 0.09 1.00

GS 0.16 0.09 0.05 0.02 0.11 0.09 0.01 0.06 1.00

HD -0.03 -0.05 -0.03 -0.01 -0.07 -0.06 -0.02 0.02 -0.01 1.00

IBM 0.36 0.10 0.06 0.02 0.07 0.02 0.04 0.11 0.42 -0.05 1.00

INTC 0.13 0.07 0.11 0.05 0.22 0.08 0.14 0.12 0.23 -0.03 0.11 1.00

JNJ 0.09 0.13 0.11 0.10 0.14 0.04 0.14 0.04 0.60 -0.06 0.41 0.19 1.00

JMP 0.13 0.16 0.04 0.05 0.13 0.17 0.06 0.17 0.20 -0.07 0.10 0.12 0.13 1.00

KO 0.11 0.23 0.33 0.06 0.13 0.11 0.18 0.06 0.09 0.00 0.18 0.15 0.04 0.00 1.00

MCD 0.12 0.21 0.50 0.02 0.13 0.04 0.15 0.09 0.05 -0.01 0.05 0.06 0.16 0.13 0.28 1.00

NKE 0.08 0.04 0.01 0.01 0.05 0.03 0.02 0.03 0.04 0.00 0.03 0.02 0.00 0.06 0.01 -0.03 1.00

PFE 0.03 0.09 0.03 0.04 0.16 0.03 0.07 0.09 0.07 -0.06 0.06 0.03 0.10 0.11 0.00 0.08 0.02 1.00

PG 0.21 0.13 0.21 0.06 0.07 0.01 0.12 0.14 0.02 -0.03 0.20 0.07 0.18 0.09 0.13 0.22 -0.01 0.11 1.00

TRV 0.39 0.03 0.06 0.02 0.02 0.00 0.04 0.14 0.08 -0.04 0.12 0.10 0.17 0.05 0.05 0.21 -0.02 -0.03 0.08 1.00

UNH 0.08 0.03 0.01 0.00 0.08 0.02 -0.03 0.05 0.70 -0.04 0.41 0.19 0.58 0.09 0.06 0.03 -0.01 0.03 0.02 0.04 1.00

V 0.17 0.11 0.24 0.00 0.13 0.00 0.09 0.24 0.11 -0.03 0.09 0.10 0.09 0.06 0.14 0.16 0.02 0.02 0.18 0.15 0.09 1.00

VZ 0.29 0.16 0.23 0.04 0.15 0.02 0.15 0.15 0.11 -0.05 0.12 0.14 0.20 0.15 0.19 0.31 -0.01 0.11 0.21 0.33 0.03 0.14 1.00

WBA 0.17 0.05 0.07 0.03 0.08 0.05 0.02 0.06 0.07 -0.05 0.02 0.07 0.00 0.16 0.06 0.09 0.26 0.06 0.00 0.04 0.00 0.07 0.07 1.00

WMT 0.02 0.01 -0.03 0.41 0.01 0.03 -0.01 0.02 0.01 0.12 0.07 0.03 0.02 0.03 0.05 -0.01 0.04 0.02 0.04 -0.02 0.02 -0.02 0.04 -0.02 1.00

XOM 0.17 0.21 0.10 0.01 0.38 0.04 0.32 0.16 0.12 -0.02 0.08 0.17 0.09 0.09 0.05 0.18 0.02 0.09 0.09 0.06 0.07 0.12 0.09 0.05 0.00 1.00

UTX 0.04 0.28 0.46 0.05 0.06 0.04 0.16 0.07 0.02 -0.01 0.11 0.04 0.14 0.04 0.19 0.31 -0.02 0.02 0.29 0.08 0.02 0.14 0.24 0.01 -0.03 0.11 1.00

AAPL 0.04 0.19 0.11 0.02 0.13 -0.01 0.27 0.06 0.05 -0.05 0.08 0.06 0.05 0.08 0.16 0.12 0.06 0.12 0.14 0.01 -0.02 0.09 0.13 0.04 0.00 0.18 0.13 1.00

MMM 0.04 0.05 0.28 -0.01 0.03 0.08 0.04 0.13 -0.01 -0.03 -0.01 0.03 0.04 0.04 0.14 0.26 -0.04 0.01 0.13 0.23 -0.03 0.11 0.27 -0.02 -0.07 -0.02 0.21 0.03 1.00

MRK 0.04 0.07 0.09 -0.02 0.08 -0.02 0.10 0.04 0.00 -0.03 0.01 0.01 0.00 0.01 0.10 0.08 -0.02 0.09 0.13 -0.01 0.02 0.15 0.05 0.00 -0.02 0.11 0.06 0.10 0.14 1.00

MSFT 0.14 0.15 0.04 -0.02 0.06 0.04 0.11 0.09 0.11 -0.03 0.08 0.08 0.21 0.05 0.09 0.08 -0.03 0.10 0.07 0.09 0.10 0.14 0.06 0.08 -0.03 0.02 0.10 0.03 0.07 0.14 1.00

Correlation Matrix Possitive

AXP BA CAT CSCO CVX DIS DWDP GE GS HD IBM INTC JNJ JMP KO MCD NKE PFE PG TRV UNH V VZ WBA WMT XOM UTX AAPL MMM MRK MSFT

AXP 1.00

BA 0.00 1.00

CAT 0.05 0.08 1.00

CSCO 0.08 0.06 0.02 1.00

CVX 0.12 0.01 0.09 0.07 1.00

DIS 0.04 0.03 0.03 0.09 0.04 1.00

DWDP 0.05 0.04 0.08 0.03 0.18 0.02 1.00

GE -0.01 0.06 0.01 0.04 0.01 -0.03 0.03 1.00

GS 0.20 0.07 0.06 0.11 0.15 0.06 0.06 -0.01 1.00

HD -0.09 0.01 0.00 -0.04 -0.03 -0.04 -0.01 0.02 -0.05 1.00

IBM 0.15 0.11 0.10 0.10 0.10 0.01 0.05 0.12 0.27 0.08 1.00

INTC 0.02 0.01 0.00 -0.03 0.05 -0.02 0.04 0.07 0.09 0.08 0.12 1.00

JNJ 0.08 -0.03 0.02 0.01 0.07 -0.05 0.03 -0.01 0.18 -0.02 0.10 0.05 1.00

JMP 0.20 0.09 0.07 0.21 0.12 0.11 0.10 -0.04 0.25 -0.11 0.04 -0.01 0.10 1.00

KO 0.10 0.08 0.20 0.01 0.10 0.09 0.09 -0.01 0.09 -0.04 0.05 0.08 0.01 0.07 1.00

MCD 0.07 0.02 0.14 0.01 0.07 0.06 0.05 -0.04 0.09 -0.01 0.05 0.01 0.10 0.12 0.14 1.00

NKE 0.04 0.01 0.01 0.03 0.04 0.00 0.06 0.01 0.07 0.01 0.05 0.02 0.02 0.05 -0.04 0.00 1.00

PFE 0.20 0.09 0.07 0.05 0.15 0.10 0.08 0.00 0.09 -0.04 0.09 -0.05 0.07 0.18 0.06 0.09 0.01 1.00

PG -0.01 0.05 0.12 0.02 0.03 0.06 0.10 0.12 0.01 -0.05 0.09 0.12 0.09 0.05 0.13 0.04 0.04 0.05 1.00

TRV 0.42 0.01 0.05 0.05 0.10 0.07 0.06 0.02 0.14 -0.08 0.08 0.11 0.03 0.14 0.11 0.09 -0.02 0.05 0.06 1.00

UNH 0.13 0.01 0.04 0.10 0.06 0.04 0.06 -0.02 0.26 -0.02 0.16 0.09 0.03 0.26 0.08 0.10 0.03 0.09 0.02 0.08 1.00

V 0.02 0.01 0.12 -0.01 0.09 0.04 0.10 0.00 0.09 0.00 0.12 0.00 0.00 0.16 0.02 0.04 0.03 0.00 0.01 0.03 0.23 1.00

VZ 0.22 0.02 0.20 0.04 0.17 0.08 0.07 0.00 0.11 -0.06 0.06 0.03 0.07 0.23 0.20 0.13 0.03 0.11 0.06 0.34 0.08 0.04 1.00

WBA 0.21 0.03 0.06 0.06 0.13 0.08 0.05 -0.06 0.12 -0.07 0.03 0.05 0.05 0.16 0.12 0.11 -0.02 0.11 0.00 0.19 0.09 0.02 0.15 1.00

WMT 0.04 0.05 0.10 0.33 0.03 0.09 0.09 0.03 0.06 0.04 0.07 0.00 0.04 0.15 0.04 0.06 0.06 0.05 0.04 0.06 0.07 0.03 0.09 0.06 1.00

XOM 0.06 0.02 0.05 0.07 0.30 0.09 0.10 0.03 0.02 -0.03 0.03 0.02 0.05 0.08 0.00 0.05 0.00 0.08 0.04 0.09 0.05 0.03 0.06 0.05 0.00 1.00

UTX 0.02 0.09 0.09 0.01 -0.01 0.01 0.07 0.02 0.05 -0.01 0.08 0.08 0.08 0.02 0.05 0.08 0.02 0.05 0.04 0.20 0.02 -0.01 0.01 0.01 0.11 0.04 1.00

AAPL -0.01 0.12 0.08 -0.01 0.06 -0.04 0.09 0.03 0.06 0.01 0.05 0.01 0.02 0.04 0.09 0.02 0.02 0.06 0.03 0.00 0.00 0.00 0.01 0.01 0.05 0.06 0.10 1.00

MMM 0.05 0.01 0.27 -0.01 0.02 0.00 0.01 -0.02 -0.01 0.05 0.01 -0.01 -0.01 -0.04 0.05 0.05 -0.03 -0.02 0.03 0.03 -0.01 0.03 0.08 0.01 0.01 0.03 0.08 0.02 1.00

MRK -0.01 -0.02 -0.01 0.00 0.01 0.01 -0.01 -0.01 -0.02 -0.01 -0.02 -0.02 -0.02 -0.03 -0.01 -0.02 -0.02 -0.02 0.00 -0.01 -0.01 -0.01 -0.02 -0.01 -0.03 0.00 -0.02 -0.02 0.02 1.00

MSFT 0.09 0.00 0.03 -0.04 0.01 0.03 0.08 0.04 0.04 -0.02 0.02 0.03 -0.03 0.11 0.08 0.04 -0.02 -0.01 0.05 0.05 0.01 0.02 0.11 0.08 0.00 0.08 0.05 0.00 0.07 0.06 1.00

Correlation Matrix Negative



 

Page 127 of 157 
 

accrue financial planning public goods 

actively managed funds financial services authority public spending 

actuary financial services companies public utility 

advantage financial services public-private 

adverse selection financial system purchasing managers index 

advertising financial year purchasing power parity 

affluence fine quantitative 

affluent first-mover advantage quantity theory of money 

afloat fiscal drag quarterly report 

agency costs fiscal neutrality quicken loans 

allocation rate fiscal policy quota 

allowance fiscal year race 

alternative investment market fixed-rate mortgage radical 

altruism flexible mortgage rally 

amortisation flotation random walk 

animal spirits foreign direct investment rate of return regulation 

annual bonus foreign exchange rate of return 

annual equivalent rate forward contracts ratings agencies 

annual percentage rate free trade rational expectations 

annuity freehold rationality 

antitrust frictional unemployment rationing 

appreciation frugal real balance effect 

arbitrage pricing theory ftse 100 index real estate investment trusts 

arbitrage ftse 250 real exchange rate 

aristocracy ftse 350 real interest rate 

aristocrat ftse4good real terms 

aristocratic full employment real values 

asian crisis fungible recession 

assets futures recompense 

associate g10 redlining 

asymmetric information g21 reflation 

austrian economics g22 regional policy 

autarky g26 regressive tax 

average earnings growth g7 regulation 

backer g8 regulatory arbitrage 

backward gain regulatory capture 

backwardation gamble regulatory failure 

backwardness gatt regulatory risk 

balance of payments gazumping rent-seeking 

balance sheet gazundering rent 

balanced budget gdf repayment mortgage 

bank of england gdp replacement cost 

bank gearing replacement rate 

bankrupt general agreement on tariffs and trade repo 
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bankruptcy generosity required return 

bargain ghetto reservation wage 

barter gift reserve currency 

base rate gini coefficient reserve ratio 

basis point glass-steagall act reserve requirements 

bear market global public goods reserves 

bearish globalisation residual risk 

beggar gni restrictive practice 

behavioural economics gnp retirement accounts 

benefactor gold retirement age 

beneficiary golden handcuffs retirement plan 

benefit golden handshake return on investment 

benevolence golden hello return 

benevolent golden parachute reverse takeover 

bequeath golden rule reward 

beta golden share ricardian equivalence 

betroth google finance rich 

betrothal imports riches 

big mac index incentive richness 

black economy income effect rights issue 

black swan income protection insurance risk averse 

black-scholes income statement risk management 

blackmail income tax risk neutral 

blue chip income risk premium 

bond incumbent advantage risk seeking 

bonds independent financial adviser risk-free rate 

bonus index numbers risk 

boom and bust individual savings account roi 

boom industrial output royal mint 

bounded rationality inequality ruin 

breadwinner inexpensive s&p500 

bribe inflation measures safe harbour 

bridging loan inflation target satisficing 

british retail consortium inflation savings account 

broke inherit savings 

broker inheritance tax say law 

bubble insider trading scalability 

budget institutional economics scarcity 

buildings insurance institutional investor sdr 

bull market insurance search costs 

bullish intangible assets secondary market 

business confidence intellectual capital securities and exchange commission 

business cycle interest rate securities 

buy-out interest-only mortgage securitisation 
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buyer market interest security 

cac 40 index interim segregation 

capacity international aid seignorage 

capital account international labour organisation seller market 

capital adequacy ratio international monetary fund seniority 

capital asset pricing model international trade sequencing 

capital controls intervention serious fraud office 

capital flight invaluable services 

capital gain investment banker shadow price 

capital gains tax investment banking share index 

capital intensive investment management share options 

capital markets investment plan shareholder value 

capital structure investment planning shareholder 

capital investment trust shares 

capitalism invisible trade sharpe ratio 

capitalize inward investment short selling 

capm irrational exuberance shortage 

carry trade job search shorting 

cartel jobless simple interest 

catch-up effect joint account sivs 

cdos joint supply skill 

central bank keynesian economics social capital 

chapter 11 bankruptcy kleptocracy social market 

charitable kondratieff wave socialism 

charity labour intensive soft commodities 

chartists labour theory of value soft currency 

cheap labour soft dollars 

classical economics lagging indicators soft loan 

closed economy laid sonia 

coase theorem land tax sovereign risk 

collateral law and economics speculation 

collusion lay speculative motive 

colony lbo spot market 

command economy leading indicators spot price 

commercial paper leasehold spread 

commoditization legal squander 

commodity lender of last resort square mile 

common goods leverage stabilisation 

commoner leveraged buyout stability and growth pact 

community liberal economics stagflation 

comparative advantage liberalisation stagnation 

compensate libor rate stakeholder 

compensation libor stamp duty 

competition commission life insurance steal 
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competition liquid asset sticky prices 

competitive advantage liquidate stock exchange 

competitiveness liquidation stock 

complementary goods liquidity preference stress-testing 

compound interest liquidity trap structural adjustment 

consumer confidence liquidity structural unemployment 

consumer prices index lloyd of london student loans 

consumer prices loan-to-value sub-prime loans 

consumer surplus loans subsidize 

consumption london stock exchange subsidy 

contagion lucrative substitution effect 

contents insurance lump-sum tax success 

contestable market luxuries successful 

contribute luxury sunk costs 

contribution macroeconomic policy supply and demand 

cooperative managed fund supply curve 

corporate raiders manufacturing output supply-side policies 

corporation tax manufacturing supply 

corrupt market capitalisation sustainable growth 

corruption market failure swap 

cost of capital market forces systematic risk 

cost-push inflation market power systemic risk 

cost market shock takeover bid 

costliness marshall plan takeover panel 

costly mean reversion tangible assets 

council tax medium term tangible common equity ratio 

creative destruction mercantilism tariff 

credit creation merger tax arbitrage 

credit crunch mergers and acquisitions tax avoidance 

credit default swaps meritorious tax base 

credit microeconomics tax burden 

creditor minimum wage tax competition 

crisis miser tax efficient 

crony capitalism misery index tax evasion 

crowding out mixed economy tax haven 

currency board modern portfolio theory tax incidence 

current account monetarism taxation 

day trading monetary neutrality teaser rate 

dead cat bounce monetary policy committee technical progress 

debt forgiveness monetary policy term assurance 

debt-equity ratio money illusion terminal bonus 

debt money market termism 

debtor money markets terms of trade 

default money supply thrift 
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deficit money thrifty 

defined benefit pension monopolistic competition tick 

defined contribution pension monopoly tiger economies 

deflation monopsony time value of money 

demand-pull inflation moral hazard time value 

demand mortgage broker total return 

demutualization mortgage calculator tracker funds 

deposit insurance mortgage payment calculator trade area 

depreciation mortgage rates trade balance 

depression mortgage term trade cycle 

deregulation mortgage trade unions 

derivative mutual fund trade 

derivatives nafta tragedy of the commons 

destitute nairu transaction costs 

devaluation naked short-selling transfer pricing 

developing countries nasdaq transition economies 

development economics nash equilibrium transmission mechanism 

diminishing returns nation building transparency 

direct taxation national debt treasure 

discount mortgage national economic council treasury bills 

discount rate national income treasury 

discounted cashflow national insurance trust 

diseconomies of scale nationalisation turnover 

disequilibrium natural monopoly uncertainty 

disinflation natural rate of unemployment underground economy 

disintermediation negative equity underworld 

diversification negative income tax underwriter 

dividend yield nerdwallet uneconomical 

dividend net asset value unemployed 

division of labour net present value unemployment trap 

djia network effect unemployment 

domination new economy union' 

donate new growth theory unit trust 

donation new trade theory unprofitable 

dow jones industrial average new york stock exchange usury 

dow30 ngo utility 

earnings per share niesr vagabond 

easing' nikkei 225 vagrant 

ebit nobel prize for economics valuable 

ebitda nobility value added tax 

ecb nobleman value added 

economic and monetary union nominal interest rate value at risk 

economic growth non-price competition variable costs 

economic indicator normative economics variable rate mortgage 
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economic rent npv velocity of circulation 

economic sanctions oecd venture capital 

economics office of fair trading vertical equity 

economies of scale offshore account vertical integration 

economize oligopoly vertical merger 

effective exchange rate opec visible trade 

efficiency wages open economy volatility 

efficiency open-market operations voluntary unemployment 

efficient market hypothesis opportunity cost vulture funds 

emerging markets optimal currency area wages 

endow option wall street 

endowment policy ordinary residence warfare 

enron ordinary share waste 

enterprise value output gap wealth effect 

entrepreneur output wealth tax 

entrepreneurial outsourcing welfare economics 

environmental economics outward investment welfare to work 

equity derivatives over the counter welfare 

equity risk premium overdraft white knight 

equity overheating windfall profit 

ethical investment overshooting windfall tax 

euro zone owe withholding tax 

euro partner world bank 

eurodollar partnership world trade organisation 

European bank for reconstruction 

and development patents worth 

european central bank path dependence write down 

european patron write off 

evolutionary economics patronage yahoo finance 

excess returns pay as you earn yen carry trade 

exchange controls payday loans yield curve 

exchange rate peak pricing yield gap 

expectations perfect competition yield 

expected returns permanent income hypothesis zero interest rates 

expenditure tax personal loan zero-sum game 

expense personal loans zombie funds 

expensive poison pill  
export credit pollution  
exports ponzi scheme  
externalities poor  
extravagant portfolio  
factor cost positional goods  
factors of production positive economics  
factory prices poverty trap  
fair trade poverty  
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fdi ppp  
federal reserve system precious  
fellowship predatory pricing  
finance preference shares  
financial accounting premium bonds  
financial advisor present value  
financial aid price discrimination  
financial calculator price elasticity  
financial centre price mechanism  
financial freedom price regulation  
financial independence price to earnings ratio  
financial instrument price  

 

Animal word list: 

aardvark fossa pekingese 

abalone fowl pelican 

African elephant fox penguin 

African gray parrot frilled lizard peregrine falcon 

African penguin frog Perissodactyls 

African rock python fruit bat petrel 

African wild cat fruit fly pig 

agouti fugu pigeon 

airedale terrier galagos pika 

Alaskan malamute Galapagos shark pill bug 

albatross gar pinnipeds 

algae gastropod piranha 

alligator gavial placental mammals 

alpaca gazelle plankton 

American bison gecko platybelodon 

American crocodile gerbil platypus 

American flamingo German shepherd ploughshare tortoise 

American golden plover giant squid plover 

American Robin gibbon polar bear 

American tree sparrow gila monster polliwog 

amoeba giraffe pomeranian 

amphibian Glyptodon pompano 

anaconda gnat pond skater 

angelfish gnu poodle 

angelshark goat porcupine 

angonoka golden eagle porpoise 

animal golden lion tamarin Port Jackson shark 

anole golden retriever Portuguese water dog 

ant goldfinch Postosuchus 
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anteater goldfish prairie chicken 

Apatosaurus goose praying mantid 

ape gopher praying mantis 

aphid gorilla primates 

arachnid grasshopper Proboscideans 

Archaeopteryx gray whale pronghorn 

arctic fox great apes protozoan 

Arctic tern great Dane pufferfish 

arctic wolf great egret puffin 

armadillo great horned owl pug 

Arsinoitherium great white shark puma 

arthropod green darner dragonfly pupa 

artiodactyls green iguana pupfish 

asp Greenland shark python 

assassin bug greyhound Quaesitosaurus 

aye-aye grizzly bear quagga 

baboon groundhog quail 

bactrian camel grouper queen conch 

badger grouse quetzal 

bald eagle grub quokka 

bandicoot guinea pig quoll 

barnacle gull rabbit 

barracuda gulper eel raccoon 

basilisk hammerhead shark rat 

basking shark hamster rattlesnake 

bass hare ray 

basset hound harlequin bug red kangaroo 

bat harp seal red panda 

beagle harpy eagle red wolf 

bear hatchetfish red-tailed hawk 

bearded dragon Hawaiian goose reindeer 

beaver hawk reptile 

bed bug hedgehog rhea 

bee hen rhino 

beetle hermit crab rhinoceros 

beluga whale heron Rhode Island red 

bichon frise herring right whale 

bighorn sheep hippo ring-billed gull 

bilby hippopotamus ring-tailed lemur 

binturong honey bee ringtail possum 

bird hornet river otter 

bison horse roach 

bivalve horseshoe crab roadrunner 

black bear hamster hound robin 
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black bear house fly rock dove 

black caiman howler monkey rockhopper penguin 

black racer human being rodent 

black swan hummingbird rooster 

blackbird humpback whale rottweiler 

bloodhound husky roundworm 

blowfish hyena ruby-throated hummingbird 

blue jay Hyracotherium sailfish 

blue morpho butterfly hyrax salamander 

blue ring octopus ibis salmon 

blue shark Ichthyornis sand dollar 

blue whale Ichthyosaurus sandpiper 

blue-tongued skink iguana scallop 

bluebird Iguanodon scarlet macaw 

bluefin tuna imago scorpion 

boa constrictor impala Scottish terrier 

bobcat Indian elephant sea anemone 

bongo insect sea cow 

bonobo insectivores sea cucumber 

bony fish invertebrates sea otter 

border collie Irish setter sea star 

Boston terrier isopod sea turtle 

bowhead whale jack rabbit sea urchin 

box turtle Jack Russell terrier sea worm 

boxer jaguar seahorse 

brittle star Janenschia seal 

brown pelican Japanese crane sealion 

buffalo javelina serval 

bug jay shark 

bull shark jellyfish sheep 

bull snake jerboa shrew 

bull joey shrimp 

bulldog John Dory siamang 

bullfrog jumping bean moth Siberian husky 

bumblebee junco silkworm 

bushbaby junebug silverfish 

butterfly kakapo skink 

caiman kangaroo rat skipper 

California sea lion kangaroo skunk 

camel karakul sloth 

Canada goose katydid slow worm 

canary keel-billed toucan slug 

cape buffalo Kentrosaurus Smilodon 

Cape hunting dog killer whale snail 
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capybera king cobra snake 

caracal king crab snapper 

cardinal kinkajou snapping turtle 

caribou kiwi snow goose 

carnivora knobbed whelk snow leopard 

carpenter ant koala snowy owl 

cassowary Komodo dragon softshell turtle 

cat kookaburra sparrow 

catamount krill spectacled caiman 

caterpillar Kronosaurus spider 

cattle Kudu spiny anteater 

cavy Labrador retriever spiny lizard 

centipede ladybug sponge 

cephalpod lagomorph spotted owl 

chameleon lake trout springtail 

cheetah lanternfish squid 

chickadee larva squirrel 

chicken leafcutter ant St. Bernard 

chihuahua leghorn starfish 

chimpanzee lemming starling 

chinchilla lemon shark Stegosaurus 

chipmunk lemur stingray 

chiton leopard stonefly 

chrysalis Lhasa apso stork 

cicada lice sugar glider 

clam lightning bug sunfish 

clownfish limpet swallowtail butterfly 

coati lion swan 

cobra Liopleurodon swift 

cockatoo lizard swordfish 

cockroach llama T. rex 

cod lobster tadpole 

coelacanth locust tamarin 

collared lizard loggerhead turtle tanager 

collared peccary longhorn tapir 

collie loon tarantula 

companion dog lorikeet tarpon 

conch loris tarsier 

Cookiecutter shark louse Tasmanian devil 

copepod luna moth Tasmanian tiger 

copperhead snake lynx Teratosaurus 

coral snake macaque termite 

coral macaw tern 

corn snake mackerel terrier 
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cottonmouth Macrauchenia Thecodontosaurus 

cougar maggot Thescelosaurus 

cow mako shark three-toed sloth 

coyote mallard duck thresher shark 

coypu mamba thrip 

crab mammal tick 

crane mammoth tiger shark 

crayfish man-o'-war tiger swallowtail butterfly 

cricket manatee tiger 

crocodile mandrill toad 

crow manta ray Torosaurus 

crustacean mantid tortoise 

Cryptoclidus mantis toucan 

cuttlefish marbled murrelet Trachodon 

cutworm marine mammals tree shrew 

Dachshund marmoset tree sparrow 

dall sheep marmot treefrog 

Dall's porpoise marsupial Triceratops 

Dalmatian mastiff Trilobite 

damselfly mastodon Troodon 

dark-eyed junco meadowlark trout 

deer meerkat trumpeter swan 

Deinonychus Megalodon tsetse fly 

desert tortoise megamouth shark tuatara 

Desmatosuchus merganser tuna 

dhole mice tundra wolf 

diatom midge turkey 

Dilophosaurus migrate turtle 

Dimetrodon millipede Tyrannosaurus rex 

dingo mink Ultrasaurus 

Dinichthys minnow Ulysses butterfly 

Dinornis moa ungulates 

dinosaur mockingbird uniramians 

Diplodocus mole urchin 

Doberman pinscher monarch butterfly Utahraptor 

dodo mongoose valley quail 

Doedicurus monitor lizard vampire bat 

dog monkey veiled chameleon 

dogfish monotreme Velociraptor 

dolphin moose venomous animals 

donkey moray eel vertebrates 

dory Morganucodon viceroy butterfly 

dove morpho butterfly vinegarroon 

downy woodpecker mosquito viper 
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dragonfly moth Virginia opossum 

dromedary mountain lion Vulcanodon 

duck-billed platypus mouse vulture 

duck mudpuppy walkingstick 

dugong musk ox wallaby 

dung beetle muskrat walrus 

Dunkleosteus mussels warthog 

eagle mustelids wasp 

earthworm nabarlek water moccasin 

earwig naked mole-rat water strider 

eastern bluebird nandu waterbug 

eastern quoll narwhal weasel 

echidna nautilus Weddell seal 

echinoderms nene weevil 

Edenta nest west highland white terrier 

Edmontonia newt western meadowlark 

Edmontosaurus nightingale whale shark 

eel nine-banded armadillo whale 

egg North American beaver whelk 

egret North American porcupine whip scorpion 

ekaltadeta northern cardinal whippet 

eland northern elephant seal white Bengal tiger 

Elasmosaurus northern fur seal white dove 

Elasmotherium northern right whale white pelican 

electric eel numbat white rhinoceros 

elephant seal nurse shark white tiger 

elephant nuthatch white-breasted nuthatch 

elk nutria white-tailed deer 

emerald tree boa nymph wild cat 

emperor angelfish ocelot wild dog 

emperor penguin octopus wildebeest 

emu okapi wolf 

endangered species old English sheepdog wolverine 

Eohippus onager wombat 

Eoraptor opossum wood louse 

ermine orangutan woodchuck 

Estemmenosuchus orca woodland caribou 

extinct animals Oregon silverspot butterfly woodpecker 

Fabrosaurus oriole woolly bear caterpillar 

falcon Ornitholestes woolly mammoth 

farm animals Ornithomimus woolly rhinoceros 

fennec fox oropendola working dog 

ferret Orthacanthus worm 

fiddler crab oryx wren 
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fin whale ostrich xenops 

finch Oviraptor Xiaosaurus 

fireant owl yak 

firefly ox yellow mealworm 

fish Oxpecker yellow mongoose 

flamingo oyster yellowjacket 

flatworm painted lady butterfly Yorkshire terrier 

flea painted turtle zebra bullhead shark 

flightless birds panda zebra longwing butterfly 

flounder pangolin zebra swallowtail butterfly 

fly panther zebra 

flying fish parakeet zooplankton 

flying squirrel parrot zorilla 

forest antelope peacock zorro 

forest giraffe peafowl  
 

 

 Appendix 7: Regression output for 𝑇𝑤𝑖𝑡𝑡𝑒𝑟𝑃𝑁. 
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Appendix 8: Regression output for 𝑁𝑒𝑤𝑠𝑃𝑁. 

 

 

Appendix 9: Distribution and Normal Quantile plot of residuals from 𝑁𝑒𝑤𝑠𝑃𝑁 Long-Only trading strategy
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Appendix 10: 𝑁𝑒𝑤𝑠𝑃𝑁 (No cost). Accuracy of signals and trades. 

 

 

Appendix 11: AAR of News static model- 𝑁𝑒𝑤𝑠𝑟𝑃𝑁 , Long-Only and Short Long strategy 

 

Appendix 12: SR of News static model- 𝑁𝑒𝑤𝑠𝑟𝑃𝑁, Long-Only and Short Long strategy 

 

 

  

(a) Buy Sell
Correct 

signals
Sell Buy

Wrong 

signals

2016 104 35 139 (56.5%) 34 73 107 (43.5%)

2017 107 31 138 (55.2%) 41 71 112 (44.8%)

2018 112 20 132 (53.2%) 25 91 116 (46.8%)

Total 323 86 409 (55%) 100 235 335 (45%)

(b) Buy Sell
Correct 

trades
Sell Buy Wrong trades

2016 22 17 39 (48.8%) 23 18 41 (51.3%)

2017 28 20 48 (55.8%) 23 15 38 (44.2%)

2018 24 13 37 (54.4%) 21 10 31 (45.6%)

Total 74 50 124 (53%) 67 43 110 (47%)

Correct Wrong
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Appendix 13: (a) Number of correct and wrong predictions (b) Number of correct and wrong trades for the 

Short/Long strategy for 𝑁𝑒𝑤𝑠𝐵𝐵. 

 

 

Appendix 14: Regression output for 𝑁𝑒𝑤𝑠𝐵𝐵. 

 

Call: 

lm(formula = Return_Open ~ Bearish.L1 + Bearish.L3 + Bullish.L1 + 

Bullish.L2 + Bullish.L4 + VIX.L3 + VIX.L4 + VIX.L5, data = train) 

 

Residuals: 

Min    1Q  Median    3Q    Max 

-0.048679 -0.002942 0.000022 0.003701 0.031975 

 

Coefficients: 

Estimate Std. Error t value Pr(>|t|) 

(Intercept) -3.084e-03 2.044e-03 -1.509  0.1318 

Bearish.L1 -7.152e-05 1.423e-05 -5.025 6.69e-07 *** 

Bearish.L3  2.535e-05 1.380e-05  1.836  0.0668 . 

Bullish.L1  4.926e-05 1.185e-05  4.156 3.73e-05 *** 

Bullish.L2 -2.238e-05 1.208e-05 -1.853  0.0644 . 

Bullish.L4  1.712e-05 1.120e-05  1.528  0.1270 

VIX.L3   -4.195e-04 1.940e-04 -2.162  0.0310 * 

VIX.L4    1.068e-03 2.611e-04  4.091 4.89e-05 *** 

VIX.L5   -4.582e-04 2.029e-04 -2.258  0.0243 * 

--- 

Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 

 

Residual standard error: 0.007293 on 588 degrees of freedom 

Multiple R-squared: 0.09343, Adjusted R-squared: 0.0811 

F-statistic: 7.575 on 8 and 588 DF, p-value: 1.165e-09 

(a) Buy Sell
Correct 

signals
Sell Buy

Wrong 

signals

2016 115 31 146 (59.1%) 25 76 101 (40.9%)

2017 114 17 131 (52.4%) 34 85 119 (47.6%)

2018 121 14 135 (54.2%) 16 98 114 (45.8%)

Total 350 62 412 (55.2%) 75 259 334 (44.8%)

(b) Buy Sell
Correct 

trades
Sell Buy Wrong trades

2016 12 14 26 (51%) 11 14 25 (49%)

2017 12 7 19 (50%) 12 7 19 (50%)

2018 16 8 24 (58.5%) 13 4 17 (41.5%)

Total 40 29 69 (53.1%) 36 25 61 (46.9%)

Correct Wrong
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Appendix 15: Distribution and Normal Quantile Plot of residuals for 𝑁𝑒𝑤𝑠𝐵𝐵 

 

 

Appendix 16: (a) Number of correct and wrong predictions (b) Number of correct and wrong trades for the 

Short/Long strategy for 𝑁𝑒𝑤𝑠𝐵𝐵 

 

 

 

(a) Buy Sell
Correct 

signals
Sell Buy Wrong signals

2016 101 34 135 (54.7%) 39 73 112 (45.3%)

2017 110 46 156 (62.4%) 38 56 94 (37.6%)

2018 104 41 145 (58.2%) 33 71 104 (41.8%)

Total 315 121 436 (58.4%) 110 200 310 (41.6%)

(b) Buy Sell
Correct 

trades
Sell Buy Wrong trade

2016 22 20 42 (47.2%) 25 22 47 (52.8%)

2017 33 26 59 (64.1%) 20 13 33 (35.9%)

2018 31 28 59 (64.1%) 18 15 33 (35.9%)

Total 86 74 160 (58.6%) 63 50 113 (41.4%)

Correct Wrong
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Appendix 17: Output for 𝐺𝑜𝑜𝑔𝑙𝑒𝐿𝑖𝑛𝑒𝑎𝑟 

 

 

Appendix 18: Residuals plotted against their predicted value 
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Appendix 19: (a) Number of correct and wrong predictions (b) Number of correct and wrong trades for the 

Short/Long strategy for 𝐺𝑜𝑜𝑔𝑙𝑒𝐿𝑖𝑛𝑒𝑎𝑟 

 

 

Appendix 20 

 

𝐺𝑜𝑜𝑔𝑙𝑒𝑅𝑜𝑙𝑙𝑖𝑛𝑔  

 

 

 

 

 

 

 

 

 

 

(a) Buy Sell
Correct 

signals
Sell Buy Wrong signals

2016 92 37 129 (52.2%) 46 72 118 (47.8%)

2017 84 44 128 (51.2%) 64 58 122 (48.8%)

2018 90 41 131 (52.8%) 47 70 117 (47.2%)

Total 266 122 388 (52.1%) 157 200 357 (47.9%)

(b) Buy Sell
Correct 

trades
Sell Buy Wrong trades

2016 29 19 48 (50.5%) 28 19 47 (49.5%)

2017 31 21 52 (49.1%) 32 22 54 (50.9%)

2018 29 18 47 (51.6%) 28 16 44 (48.4%)

Total 89 58 147 (50.3%) 88 57 145 (49.7%)

Correct Wrong
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Appendix 21 

 

𝐺𝑜𝑜𝑔𝑙𝑒𝑅𝑜𝑙𝑙𝑖𝑛𝑔  

Appendix 22: (a) Number of correct and wrong predictions (b) Number of correct and wrong trades for the 

Short/Long strategy for 𝐺𝑜𝑜𝑔𝑙𝑒𝑅𝑜𝑙𝑙𝑖𝑛𝑔 

 

 

  

(a) Buy Sell
Correct 

signals
Sell Buy Wrong signals

2016 62 58 120 (48.6%) 76 51 127 (51.4%)

2017 110 34 144 (57.6%) 38 68 106 (42.4%)

2018 92 33 125 (50.2%) 45 79 124 (49.8%)

Total 264 125 389 (52.1%) 159 198 357 (47.9%)

(b) Buy Sell
Correct 

trades
Sell Buy Wrong trades

2016 30 28 58 (54.2%) 25 24 49 (45.8%)

2017 13 11 24 (57.1%) 10 8 18 (42.9%)

2018 25 21 46 (52.9%) 23 18 41 (47.1%)

Total 68 60 128 (54.2%) 58 50 108 (45.8%)

Correct Wrong
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Appendix 23: Table of which data sources which yield the best average return over 750 simulations for each 

firm. 

 

 

 

  

Firms Sector (GICS)
News+ 

Twitter
News Twitter

News+ 

Twitter
News Twitter

DWDP Materials X X

VZ Communication Service X X

DIS Communication Service X X

HD Consumer Discretionary X X

MCD Consumer Discretionary X X

NKE Consumer Discretionary X X

KO Consumer Staples X X

PG Consumer Staples X X

WBA Consumer Staples X X

WMT Consumer Staples X X

CVX Energy X X

XOM Energy X X

AXP Financials X X

GS Financials X X

JPM Financials X X

TRV Financials X X

V Financials X X

JNJ Health Care X X

MRK Health Care X X

PFE Health Care X X

UNH Health Care X X

BA Industrials X X

CAT Industrials X X

GE Industrials X X

MMM Industrials X X

UTX Industrials X X

CSCO Technology X X

IBM Technology X X

INTC Technology X X

MSFT Technology X X

AAPL Technology X X

ShortLongLongOnly
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Appendix 24: Firm-specific results for Twitter data  

 

Heatmap of average results of 750 simulations for each firm. Colouring is scaled from red to green, where green is the highest values 

for each column. Firms are clustered by their GICS sectors. Returns of trading strategies account for trading cost. 

  

Firms Sector (GICS) LongOnly ShortLong LongOnly ShortLong LongOnly ShortLong

DWDP Materials 21.8% 24.5% 3.4% 4.3% 42.1% 31.3%

VZ Communication Service 21.6% 18.2% -0.5% -1.6% 0.404 0.277

DIS Communication Service 0.7% -8.2% -3.2% -6.2% -0.098 -0.223

HD Consumer Discretionary 40.2% 44.3% 1.7% 3.1% 0.720 0.681

MCD Consumer Discretionary 41.1% 32.3% -2.9% -5.9% 0.853 0.590

NKE Consumer Discretionary 25.2% 31.6% 0.9% 3.0% 0.412 0.378

KO Consumer Staples 12.1% 8.5% -0.6% -1.9% 0.260 0.114

PG Consumer Staples 18.4% 17.6% -0.3% -0.5% 0.379 0.322

WBA Consumer Staples 5.5% -6.9% 7.5% 3.3% 0.062 -0.158

WMT Consumer Staples 33.0% 44.9% -4.8% -0.8% 0.532 0.672

CVX Energy 59.0% 90.6% 10.0% 20.6% 1.020 1.397

XOM Energy -4.6% -4.5% 1.9% 1.9% -0.273 -0.159

AXP Financials 39.2% 28.3% -3.7% -7.4% 0.651 0.396

GS Financials 23.1% 35.0% 8.3% 12.3% 0.419 0.442

JPM Financials 73.7% 105.4% 5.0% 15.6% 1.288 1.613

TRV Financials 9.7% 8.0% -0.2% -0.8% 0.126 0.076

V Financials 73.4% 69.1% -1.7% -3.2% 1.286 1.045

JNJ Health Care 19.8% 13.7% -3.1% -5.2% 0.392 0.209

MRK Health Care 40.4% 30.1% -2.3% -5.7% 0.760 0.457

PFE Health Care 33.2% 31.5% -1.8% -2.4% 0.597 0.530

UNH Health Care 108.0% 98.7% -3.5% -6.6% 1.877 1.648

BA Industrials 185.0% 229.1% 16.8% 31.5% 2.856 2.886

CAT Industrials 72.0% 51.2% -7.6% -14.5% 0.882 0.555

GE Industrials 6.5% 175.1% 27.2% 83.7% 0.129 1.959

MMM Industrials 28.8% 21.9% -1.6% -3.9% 0.562 0.343

UTX Industrials 31.5% 28.0% 5.4% 4.2% 0.617 0.411

CSCO Technology 42.2% 21.5% -9.1% -16.1% 0.630 0.267

IBM Technology 0.1% 6.6% 4.9% 7.0% -0.094 0.044

INTC Technology 34.2% 19.8% -3.9% -8.7% 0.481 0.219

MSFT Technology 88.6% 83.7% -1.2% -2.8% 1.401 1.216

AAPL Technology 55.6% 41.0% -1.7% -6.6% 0.880 0.520

Mean 40.0% 44.9% 1.3% 2.9% 0.659 0.614

Return AAR Sharpe Ratio

Twitter data
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Appendix 25: Firm-specific results for News data 

 

Heatmap of average results of 750 simulations for each firm. Colouring is scaled from red to green, where green is the highest values 

for each column. Firms are clustered by their GICS sectors. Returns of trading strategies account for trading cost. 

 

  

Firms Sector (GICS) LongOnly ShortLong LongOnly ShortLong LongOnly ShortLong

DWDP Materials 36.1% 58.6% 8.2% 15.8% 76.0% 83.0%

VZ Communication Service 19.6% 13.1% -1.2% -3.3% 0.397 0.179

DIS Communication Service 4.1% -2.6% -2.1% -4.3% -0.001 -0.120

HD Consumer Discretionary 33.7% 31.8% -0.4% -1.1% 0.602 0.471

MCD Consumer Discretionary 41.8% 35.3% -2.7% -4.9% 0.868 0.651

NKE Consumer Discretionary 21.0% 18.1% -0.5% -1.5% 0.296 0.194

KO Consumer Staples 6.7% -0.4% -2.4% -4.8% 0.068 -0.107

PG Consumer Staples 21.3% 21.0% 0.7% 0.6% 0.509 0.402

WBA Consumer Staples 41.9% 72.7% 19.7% 30.0% 1.085 1.008

WMT Consumer Staples 34.0% 52.1% -4.4% 1.7% 0.564 0.790

CVX Energy 65.3% 106.8% 12.2% 26.1% 1.167 1.659

XOM Energy -0.8% 4.7% 3.1% 5.0% -0.155 0.016

AXP Financials 31.6% 15.1% -6.2% -11.8% 0.513 0.182

GS Financials 34.3% 92.7% 12.1% 31.6% 0.647 1.261

JPM Financials 54.5% 45.6% -1.4% -4.4% 0.952 0.663

TRV Financials 11.8% 12.6% 0.5% 0.8% 0.183 0.163

V Financials 77.9% 76.9% -0.2% -0.5% 1.390 1.171

JNJ Health Care 29.1% 23.4% 0.0% -1.9% 0.707 0.416

MRK Health Care 48.6% 48.9% 0.5% 0.6% 0.883 0.784

PFE Health Care 39.0% 48.2% 0.1% 3.2% 0.793 0.848

UNH Health Care 114.1% 110.0% -1.4% -2.7% 2.120 1.844

BA Industrials 147.4% 146.0% 4.2% 3.7% 2.383 1.820

CAT Industrials 88.4% 80.0% -2.0% -4.8% 1.172 0.892

GE Industrials -5.8% 123.0% 23.0% 66.2% -0.446 1.362

MMM Industrials 25.9% 19.6% -2.6% -4.6% 0.533 0.300

UTX Industrials 28.8% 25.4% 4.5% 3.3% 0.571 0.366

CSCO Technology 41.6% 20.4% -9.3% -16.4% 0.623 0.251

IBM Technology -1.5% 4.1% 4.3% 6.2% -0.138 0.003

INTC Technology 39.7% 30.7% -2.1% -5.1% 0.564 0.369

MSFT Technology 108.8% 125.8% 5.6% 11.3% 1.819 1.857

AAPL Technology 72.1% 83.2% 3.9% 7.6% 1.226 1.111

Mean 42.3% 49.8% 2.1% 4.6% 0.731 0.698

Return AAR Sharpe Ratio

News data
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Appendix 26: Appendix: Ranking of firms trading strategy for News/Twitter *SVI for firm specific trading 

strategies. Based on the output from Table 33.  

 

 

 

 

 

 

  

Firms Sector AAR
Sharpe 

Ratio
AAR

Sharpe 

Ratio

DWDP Materials 6 9 54 9 6 9 54 6

VZ Communication Service 16 21 336 21 18 23 414 23

DIS Communication Service 27 30 810 31 28 31 868 31

HD Consumer Discretionary 17 17 289 16 19 17 323 18

MCD Consumer Discretionary 28 13 364 23 29 19 551 26

NKE Consumer Discretionary 15 25 375 24 13 25 325 19

KO Consumer Staples 23 28 644 29 24 29 696 28

PG Consumer Staples 18 22 396 25 16 22 352 22

WBA Consumer Staples 2 10 20 3 5 13 65 8

WMT Consumer Staples 30 24 720 30 22 16 352 22

CVX Energy 4 4 16 2 3 2 6 3

XOM Energy 7 27 189 13 7 18 126 11

AXP Financials 29 20 580 28 30 26 780 29

GS Financials 3 12 36 6 2 6 12 4

JPM Financials 12 7 84 10 8 7 56 7

TRV Financials 13 26 338 22 12 21 252 15

V Financials 26 6 156 12 25 10 250 14

JNJ Health Care 14 11 154 11 14 14 196 13

MRK Health Care 24 14 336 21 26 20 520 25

PFE Health Care 20 15 300 17 15 12 180 12

UNH Health Care 22 2 44 8 21 5 105 10

BA Industrials 5 1 5 1 4 1 4 2

CAT Industrials 25 8 200 14 27 11 297 16

GE Industrials 1 29 29 5 1 3 3 1

MMM Industrials 19 16 304 18 20 15 300 17

UTX Industrials 11 23 253 15 17 27 459 24

CSCO Technology 31 18 558 27 31 28 868 31

IBM Technology 10 31 310 19 11 30 330 20

INTC Technology 21 19 399 26 23 24 552 27

MSFT Technology 9 3 27 4 9 4 36 5

AAPL Technology 8 5 40 7 10 8 80 9

Final 

score

Short LongLong Only

Raking Raking

Final 

Rank

Final 

score

Final 

rank
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Appendix 27: Ranking of firms trading strategy. Based on the output from Table 37 

 

 

 

 

 

 

 

 

Firms Sector AAR
Sharpe 

Ratio
AAR

Sharpe 

Ratio

DWDP Materials 9 19 171 13 7 21 147 12

VZ Communication Service 15 22 330 23 16 22 352 22

DIS Communication Service 25 30 750 31 25 31 775 31

HD Consumer Discretionary 11 11 121 10 10 8 80 7

MCD Consumer Discretionary 23 9 207 14 24 10 240 16

NKE Consumer Discretionary 12 21 252 18 11 18 198 14

KO Consumer Staples 16 25 400 26 17 26 442 26

PG Consumer Staples 14 24 336 24 13 20 260 17

WBA Consumer Staples 5 28 140 11 9 29 261 18

WMT Consumer Staples 29 17 493 28 15 9 135 10

CVX Energy 3 6 18 2 3 5 15 3

XOM Energy 10 31 310 20 12 30 360 23

AXP Financials 27 12 324 22 28 17 476 27

GS Financials 4 20 80 7 5 15 75 5

JPM Financials 7 4 28 4 4 4 16 4

TRV Financials 13 27 351 25 14 27 378 24

V Financials 20 5 100 9 20 7 140 11

JNJ Health Care 24 23 552 30 22 25 550 28

MRK Health Care 22 10 220 16 23 14 322 19

PFE Health Care 21 15 315 21 18 12 216 15

UNH Health Care 26 2 52 6 26 3 78 6

BA Industrials 2 1 2 1 2 1 2 2

CAT Industrials 30 7 210 15 30 11 330 20

GE Industrials 1 26 26 3 1 2 2 2

MMM Industrials 18 16 288 19 21 19 399 25

UTX Industrials 6 14 84 8 8 16 128 9

CSCO Technology 31 13 403 27 31 23 713 30

IBM Technology 8 29 232 17 6 28 168 13

INTC Technology 28 18 504 29 29 24 696 29

MSFT Technology 17 3 51 5 19 6 114 8

AAPL Technology 19 8 152 12 27 13 351 21

Final ranking (Google*News/Twitter)

Long Only Short Long

Raking

Final 

score

Final 

Rank

Raking

Final 

score

Final 

rank
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Appendix 28: Results for different models and different data sources.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Long-

Only

Short/ 

Long

Long-

Only

Short/ 

Long

Long-

Only

Short/ 

Long

Buy&Hold 37.1% 0.890

Base Model 35.1% 32.2% -0.5% -1.3% 0.905 0.760

Twitter -  Pos & Neg 35.5% 40.2% 4.2% 7.0% 1.411 1.415

News - Pos & Neg 41.3% 44.1% 2.2% 3.0% 1.259 1.190

News - Bull and & Bear 103.0% 206.2% 15.6% 34.3% 4.008 5.420

Google Non-rolling 5.1% 6.5% -9.5% -9.0% 0.523 0.631

Google Rolling* 16.1% -2.9% -6.0% -12.2% 0.439 -0.183

Firm specifik - News & Twitter 59.9% 94.1% 5.9% 13.7% 1.174 1.408

Firm specifik - Google*(News & Twitter) 38.9% 102.8% 0.5% 15.6% 0.713 1.503

Results without Trading Cost

Return AAR SR
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