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Abstract 

This thesis explores the role of social activity on corporate Facebook fan pages as a proxy 

for investors’ attention and its relationship with stock returns. Previous researches (Odean, 

1999, 2008) proved that non-institutional investors tend to buy stocks that recently grabbed 

their attention. Starting from this concept we test if the amount of social attention directed 

toward a certain company is capable of affecting the market behavior of all the actors that 

trade its stock, that is, if it affects the stock returns of the specific company. Following the 

aforementioned researches we then narrow our focus on periods of abnormally high social 

activity and test if this positively impacts the net buying behavior of the market actors and 

consequently the stock returns. The focus will be on ten of the twenty companies included in 

the OMXC20 and their respective corporate Facebook fan page. We download from the 

latter the amounts of Posts, Comments and Likes that have been performed on a daily basis 

and by using a multiple distributed lag model, in which we also include economic and 

financial control variables, we try to disclose the existence of any relationship with the stock 

returns. The time periods analyzed vary for each company with a minimum of 964 

observations/days for Maersk and 1458 observations/days for Havkatten (Jyske Bank). This 

study finds that there are few significant results that would indicate the positive effect of 

social attention on stock returns. Nonetheless, we are prudent about stating the validity of 

the efficient market hypothesis since there are plenty of other studies making solid 

arguments against it. It is important to highlight that the activity on the Facebook corporate 

fan page might be used to understand other phenomena, in particular the effect that a 

certain event has on stock returns. The authors believe that social attention will be more 

relevant in the future considering the increasing presence of social networks in society. 

 

 

 

 

 



2 
 

Table of Contents 

1. Introduction ................................................................................................................................... 4 

1.1. Purpose .................................................................................................................................. 4 

1.2. Research Questions ............................................................................................................... 5 

1.3. Hypotheses ............................................................................................................................ 5 

1.4. Scope ..................................................................................................................................... 5 

1.5. Motivation ............................................................................................................................. 6 

1.6. Methodology ......................................................................................................................... 8 

1.7. Criticism ................................................................................................................................ 8 

1.8. Process Diagram .................................................................................................................. 10 

2. Literature Review ....................................................................................................................... 11 

2.1. Financial Theory of Stock Markets ..................................................................................... 11 

2.1.1. The Efficient Market Hypothesis ................................................................................. 12 

2.1.2. Anomalies and Criticisms to the EMHs ....................................................................... 13 

2.1.3. Key Concepts of Behavioral Finance ........................................................................... 15 

2.1.4. Investor Sentiment ....................................................................................................... 18 

2.1.5. Why Social Attention Can Affect Stock Returns? ....................................................... 19 

2.2. Methods for Stock Returns Prediction ................................................................................ 21 

2.2.1. Simple and Multiple Linear Regression....................................................................... 22 

2.2.2. Time Series Models ..................................................................................................... 23 

2.2.3. Artificial Neural Networks........................................................................................... 24 

2.3. Previous Researches with Social Data ................................................................................ 25 

3. Methodology and Results ........................................................................................................... 27 

3.1. Data Collection and Limitations.......................................................................................... 27 

3.2. Econometric Model ............................................................................................................. 28 

3.2.1. Deriving the OLS ......................................................................................................... 29 



3 
 

3.2.2. Assumptions and Specifications .................................................................................. 32 

3.2.3. Variables ...................................................................................................................... 36 

3.3. Data Wrangling and Sub Samples ....................................................................................... 40 

3.3.1. Full Dataset .................................................................................................................. 42 

3.3.2. Yearly Breakdowns ...................................................................................................... 42 

3.3.3. Abnormal Social Activity ............................................................................................ 42 

3.4. Results ................................................................................................................................. 44 

3.4.1. Danske Bank ................................................................................................................ 45 

3.4.2. Havkatten ..................................................................................................................... 47 

3.4.3. Maersk .......................................................................................................................... 49 

3.4.4. Nordea .......................................................................................................................... 51 

3.4.5. Novo Nordisk ............................................................................................................... 53 

3.4.6. Novozymes................................................................................................................... 55 

3.4.7. Pandora......................................................................................................................... 57 

3.4.8. TDC .............................................................................................................................. 59 

3.4.9. Tryg .............................................................................................................................. 61 

3.4.10. Vestas ........................................................................................................................... 63 

4. Discussion of Findings ............................................................................................................... 65 

5. Conclusion .................................................................................................................................. 76 

6. Future research ............................................................................................................................ 77 

7. Appendices ................................................................................................................................. 79 

8. Bibliography ............................................................................................................................. 106 

8.1 Articles and Books ................................................................................................................. 106 

8.2 Internet sources....................................................................................................................... 110 

 

  



4 
 

1. Introduction 

This section is divided in eight sub points which will address the following matters: the 

purpose of the thesis along with the specific research questions and hypotheses; the data on 

which the analysis is based on, and the motivation that led us to choose this topic. The 

methodology and its criticism are also presented. The process diagram in sub point 1.8 is a 

visual tool which helps the reader to understand the steps undertaken during the research. 

 

1.1. Purpose 

The purpose of this thesis is to question the market efficiency hypothesis by researching the 

relationship between users’ interaction on Facebook corporate fan pages and the respective 

companies’ stock returns. It is our belief that social activity is able, to a certain extent, to 

explain this performance indicator hence violating the market efficiency hypothesis.  

 

Following the literature that contrast this view, principally behavioral finance theories, we 

base our analysis on the assumption that individuals who operate on financial markets are 

not fully rational but are, on the contrary, influenced by emotions when they make 

decisions. We focus on the role of attention: when considering daily stock market activity it 

has been proved that actors’ attention is often conveyed toward abnormally high/low returns 

and/or trading volumes, which often translates into buying decisions (Odeans, 2008). Since 

Facebook has increasingly become a part of everyday life, it is reasonable to say that it grabs 

people’s attention in a number of ways: discussions, advertisements, the time alone spent on 

the social platform, capture a significant amount of attention and many individual investors 

are often exposed to the same stimuli.  

 

The amounts of the three actions (post, comment, like) realized on a Facebook fan page 

serve as a proxy for the attention addressed toward a specific company. We argue that what 

grabs investors’ attention and affect their behavior does not have to be related to purely 

economic events (e.g. news, announcements). Attention is also captured by the hype 

generated by many individuals indirectly interacting and influencing each other’s through 

the social platform. Contrary to the accepted idea that only buying behavior is influenced by 

attention, we test if social activity is also able to influence overall investors’ decisions which 
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translate into modifications in the stock returns. Additionally, and more in line with the 

literature, we test if attention influences investors’ decisions in periods where there is 

abnormally high social activity.  

 

1.2. Research Questions 

From the purpose we now proceed to the specific research questions that will be answered in 

the following pages. These are presented below as bullet points: 

 Can the actions performed on Facebook corporate fan pages, employed as a proxy for 

investors’ attention, be used to explain the stock return volatilities of the firms listed in 

the Copenhagen OMXC20 index when there is not abnormal attention directed toward 

the page? Is the effect congruent with previous research? The focus will be on 10 out of 

the 20 firms included in the index.  

 Does social attention for a particular stock, when Facebook social activity is abnormal, 

lead to investor irrationality measured as net buying behavior? 

 

1.3. Hypotheses 

 Variations in stock returns are, to a certain extent, explained by different levels of 

activity on the corporate Facebook Page. The amounts of posts, comments and likes 

disclose investor attention toward a certain firm and are able to impact stock returns. 

 Social attention is relevant for periods where there is abnormal social activity on the 

Facebook fan page; it leads to investors’ irrationality and net buying behavior. 

 

1.4. Scope 

This report sets to investigate the existence of a potential relationship between the stock 

returns of ten Danish corporations listed on the OMXC20 index at the Copenhagen Stock 

Exchange and the Facebook social data associated with each and every one of these firms. 

Firstly, although the index is composed of twenty firms due to lack of/access to sufficient 

and accurate data, ten companies were dropped and focus was shifted towards the remaining 

ten. Furthermore, when referring to social data we are strictly referring to the number of 
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posts, comments and likes on the individual corporate fan page on Facebook for the 

prescribed period.  

Secondly, no further segmentation of the social data by sentiment i.e. positive/negative is 

included in the report primarily due to the lack of the technical tools required to accomplish 

this. 

 

Thirdly, if we consider the social data wrangling process it can be stated that only daily and 

weekly time frame frequencies with yearly lengths have been used as distinct sub samples 

for the general econometric model developed in this paper. The entire period of each dataset 

varies significantly by company and includes daily observations loosely speaking within the 

time frame 2009 – 2015. This is again due to the lack of social data for some firms at certain 

time periods: matching the time frames of the data sets for all companies was not a sensible 

option. Moreover, to include the delay with which attention can affect the investors’ 

behavior we include up to three lags, i.e. the same variable is lagged one day, two days, or 

three days back. This decision is based on our own judgment and reasoning but also on the 

observation that the coefficients of the explanatory variables were insignificant for higher 

lags. Additionally, in the regressions that address spikes in the social data, which were 

caused by certain events, only the social variable of interest for which the spike is observed 

is used in order to isolate that effect on the dependent variable, the stock return. 

 

Lastly, since the literature on stock return explanation/prediction is vast and complex, only 

the most widely known and used methods will be presented in this paper to give the reader a 

better overview of the matter. 

 

1.5. Motivation 

The choice of topic for this thesis might seem rather unconventional and to clarify this 

concern, in this section, the motivation behind this choice will be addressed. 

 

In recent years a growing number of studies have tried to establish a link between social 

media and the business environment i.e. stock market, corporate revenues, and other 

economic data. Add to this the growing popularity of big data analytics and attempting an 
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academic investigation into social media’s possible connection to the stock market becomes 

more logical. When researching the potential of this topic, two recent studies in particular, 

had a great deal of impact on our decision. 

 

Firstly, the idea of using social media in a economics and finance context is very well 

addressed by Y. Karabulut in his paper entitled, “Can Facebook predict stock market 

activity?”, first published in 2013. Here, by using Facebook’s GNH (Global National 

Happiness) index as a proxy of investor sentiment the author discovers its predictive power 

on daily returns and trading volumes for the US stock market albeit temporary and with 

reversal in the following weeks. Nevertheless, this study was a breakthrough in the sense 

that the usefulness of social media for stock market prediction was established and, as the 

author also admits, additional application would be necessary to further test this relationship. 

The second, and most important, research paper to us is, “All That Glitters: The Effect of 

Attention and News on the Buying Behavior of Individual and Institutional Investors”. In 

this work the hypothesis that individual investors are net buyers of attention grabbing stocks 

i.e. stocks that appear on the news, experience extreme trading volumes, and/or returns is 

tested and confirmed. 

 

Thus, the two papers and their implications lead us to our current topic. We set out to 

identify if Facebook activity, in the form of an increase or decrease in posts, comments or 

likes, for a specific Danish corporation included in the OMXC20, has a significant effect on 

the company’s stock return. Additionally, the fact that a thesis on this topic might very well 

be the first research attempt fully focused on the Nordics, appealed to us due to its novelty 

and exploratory nature, but also because it allowed us to work on something exciting and 

escape the current status quo, that is, peers in our line of study choosing to a large extent 

corporate valuations as a master thesis subject. 

 

Finally, by taking on this endeavor, we hope to link to and build on the foregoing papers but 

also make a humble contribution of our own to this rapidly growing field which is still in its 

inception phase, but will surely become a popular topic for academic research within the 

social sciences in the years to come.  
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1.6. Methodology 

Yahoo! Finance was used to download the financial data. The social variables were fetched 

and downloaded by Professor Ravi Vatrapu and his team with the social data analytics tool 

(SODATO). We took care of the statistical methods aimed at explaining stock prices with 

the help of Professor Lisbeth Lacour. The model consists of a multiple distributed lag model 

whose regression coefficients were estimated with the ordinary least square method (OLS). 

Considering that we want to prove that company specific attention has some explanatory 

power with regard to the respective stock returns we had to control for other variables that 

expert scholars proved to be relevant: among them there are the OMXC20 index returns, the 

volatility from the previous day and three dummy variables. By including these variables we 

are able to partially isolate the social attention effect. 

 

The temporal delay affecting stock returns was introduced to take into account the amount 

of time necessary for one’s attention to be directed toward a specific firm and impact the 

investors’ behavior. Once all the lagged terms are considered we have a model with twenty 

variables of which twelve are social and the rest are financial control variables. To estimate 

the coefficients and perform the tests we used the SAS statistical software under the 

maximized Adjusted R-Squared specification. The rationale behind this choice is that this 

measure allows us to maximize the variance explained by not including all the variables 

since only those that increase the measure by more than it would be expected by chance are 

kept. There are several issues related to the choice of such criterion that will be shortly 

explained. 

 

1.7. Criticism 

Since the work is highly exploratory it is constrained by numerous issues. Firstly, the 

creation of the Facebook fan pages dates back to 2007 but is only from 2009 that the 

companies analyzed started to employ this feature. In the first years since its adoption, the 

pages were not used extensively by both the companies and other individual Facebook users, 

meaning that we did not have an exact day to start the analysis. We had to look at the single 

company and delete the kickoff period where the page was merely “existing” with almost no 

significant activity on it. 
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This is from where the second issue originates: the analyzed time periods vary for each 

company. The variations, a maximum of two years, are substantial but not pivotal since we 

have at least 900 daily entries for each company, more than enough to perform an extensive 

analysis. 

 

Additionally, we created different sub samples from the full dataset in order to test the 

model on different time windows and above all, to isolate the periods of abnormal social 

activity. The difference in time length partially motivated us to use different variables for 

each regression, namely only those that increase the adjusted R-squared statistic. By making 

this choice we made a strong assumption: we considered our model to be the best possible 

among those capable of explaining daily stock returns variations. Since several variables are 

neglected (omitted variable bias) this is not true.  

 

As mentioned before, the maximized adjusted R-Squared specification leads to exclusion of 

the variables that affect the measure only by chance, meaning that almost all the regressions 

are going to have different variables. This is the reason why the coefficients generated by 

the analysis are data specific, backward looking and not applicable to new datasets since 

they would probably be different depending on the new activity registered on the page. 

Given the assumption above we only tested if any social variable was capable of increasing 

the model accuracy being at the same time significant at a certain statistical level. 
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1.8. Process Diagram 

Shown in temporal order are the different stages (on the left) followed while working on the thesis. 

The rounded rectangles connected by blue arrows highlight the step-by-step actions undertaken 

during the process; in the normal rectangles connected with full lines we described the output we 

got from a particular process. 
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2. Literature Review 

In this section we are going to review the existing literature on financial stock markets along 

with what has been done to explain or predict its behavior. We also summarize the recent 

studies that attain the concept of investors’ attention and how it can relate to Facebook 

activity. 

 

2.1. Financial Theory of Stock Markets 

In modern financial theory a series of models were proposed starting with the 2nd half of the 

20th century aimed at explaining the value and price of most financial instruments. The most 

influential contribution and probably the cornerstone of modern finance is the so called 

CAPM – The Capital Asset Pricing Model, which is a market equilibrium model that 

connects risk to reward and boldly states that investors only get compensated with a risk 

premium for the systematic risk they take. The brilliance of the CAPM lies within its 

simplicity and its ability to relate various financial theories together, including the EMH – 

Efficient Market Hypothesis. A detailed description of the CAPM, EMH and why these 

concepts are relevant for this paper follows. 

 

The Capital Asset Pricing Model was developed in a number of articles from the 1960s by 

W. Sharpe, J. Mossin, and J. Lintner and relates back to H. Markowitz’s contribution to 

modern portfolio theory by building on the concept of diversification. At the heart of the 

CAPM is the SML – Security Market Line which establishes a linear relationship between 

expected return and the Beta value of the stock, which measures the systematic risk. The 

market risk premium is then represented by the slope of the SML. The depended variable in 

the equation is the investor’s expected return or the equity cost of capital from a 

corporation’s perspective. Over the years the CAPM has been subject to severe scrutiny with 

the main reason being that some other stock predictive information that the Beta does not 

capture is present in various economic data.   

 

Additionally, deemed crucial for CAPM to hold, is the EMH assumption in its strictest form 

which most of the time is not reflected in the market. Thus, more often than not, CAPM 

does not hold and the stock expected returns are either overvalued or undervalued according 
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to its pricing. This is where we step in, and with the model developed in this thesis, try and 

understand if to some extent, the Facebook social media variables have significant 

predictive power, which would explain, at least to a minor degree, deviations from CAPM. 

A brief description of the EMH and its breakdown follows. 

 

2.1.1. The Efficient Market Hypothesis 

The concept of the EMH is of fundamental importance to the field of finance since it is the 

starting point for most asset pricing models and our current understanding of financial 

markets along with risk and return considerations are based on it. It boldly states that all 

existing market information is already incorporated in the price of any security and therefore 

the trading price is fair and the return achieved by any investor will be the equilibrium value 

predicted by an asset pricing model such as CAPM. Naturally, if this is to be the case then 

active portfolio management and the concept of stock picking, arbitrage or over performing 

the market become irrelevant. Since there is so much literature and empirical evidence out 

there that suggests this to not be the case and deviations to occur frequently, three forms of 

the EMH were developed to allow for relaxing the very strong assumption of  complete 

information being fully incorporated in the securities price at any given time. 

 

2.1.1.1. Weak Form 

This form states that historical information and trading volume is already expressed in the 

financial asset’s price since it is easily available to the public and thus technical analysis and 

trend trading are pointless. Furthermore, identifying deviations from the equilibrium price 

can only be achieved through fundamental market analysis. 

 

2.1.1.2. Semi-Strong Form 

This second form states that not only historical information but also all publicly available 

information is reflected in the financial asset’s price not leaving room for the investor to 

beat the market unless through insider trading or by having knowledge of private 

information that once released will make the market move in a certain direction. This type of 

information includes, but is not restricted to, company specific data such as financial 
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statements, patents, management decisions or misconduct. Thus, this EMH form further 

constrains the achievement of abnormal returns to have access to non-public data. 

2.1.1.3. Strong Form 

The EMH, in its strictest form, does not allow for abnormal returns to be achieved by any 

investor regardless of the circumstances. This is the case because it states that all private, 

non-disclosed information is also already reflected immediately in the price making it 

impossible for investors to gain an edge and over perform as compared to equilibrium 

predicted returns. 

 

2.1.2. Anomalies and Criticisms to the EMHs 

Needless to say, the daring claim that the EMH makes, especially in its strictest form, has 

brought forth a lot of criticism. The fact that it is rather challenging to empirically test the 

EMH, further fuels and provides credibility to the opponents. The main issue relates back to 

statistics and hypothesis testing. Simply put, failing to reject a hypothesis does not 

automatically mean you can accept it. This is known as the joint hypothesis testing problem 

and it is present because when one tries to test for market efficiency and the result is 

negative (negative return), it can be concluded that either the market is not efficient or the 

predictive model was incorrect. Since distinguishing between the two is very difficult the 

validity of such tests will always be questioned and will negatively affect the credibility of 

the EMH. Testing varies depending on the EMH form but it is most challenging to test for 

the strong form since one would need access to private information. Nevertheless, this can 

be done by using a proxy for private information and benchmarking an active portfolio 

manager’s performance to a certain index. 

 

 On the one hand, opponents (L. Summers, 1996) will argue that just because the portfolio 

manager does not generate abnormal returns (alpha) does not mean that the market is 

efficient. On the other hand, other economists (R. C. Merton, 1985) have argued that the 

portfolio managers’ inability to outperform the market consistently is proof that the EMH 

holds. Thus, it can be argued that there are inconsistencies and many diverging views which 
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lead to the publication of a significant number of studies that try to disprove the EMH and 

propose the hypothesis of inefficient markets. 

 

2.1.2.1. Momentum Effect 

This concept goes against the weakest form of EMH and states that past prices in the short 

term do affect current security prices because investors behave irrationally by buying 

financial assets that have been appreciating in the past period, further prompting price 

increases, and sell the assets that have depreciated in the past period and for which price is 

dropping. This naturally means that securities become either overvalued or undervalued at 

least for that short time period which the EMH cannot explain. 

 

2.1.2.2. January Effect 

Yet another controversial and interesting phenomenon is the so called “Turn of the year 

effect”. It states that the stock market exhibits increased trading volume and price hikes in 

the last week of the December and the first week of January. For example for the period 

1950 – 2004, for the turn of the year period, the return was 14.4% while otherwise the return 

was 3.9% (B.D. Jordan, Fundamentals of Investing, 2006). The “January effect” acts as an 

extension and specifically concerns only one security subclass. It postulates that the stocks 

of small US companies consistently outperform the rest in the first two to three weeks of 

January (H. Chen, V. Singal, 2004). Since this thesis concentrates on Danish corporations, 

the January effect is of little significance to our goal but the turn of the year effect could 

prove relevant if present since it would imply market inefficiency and so a dummy variable 

for this effect was included as a regressor in our model for daily datasets. 

 

2.1.2.3. Weekend Effect 

Another classic calendar effect states that stocks underperform on Mondays with closing 

prices dropping below the closing prices of the previous Friday (D. Keim, 1984). The effect 

is so large that the mean Monday return for the period 1950 – 2004 is -7.2%, the only day of 

the week exhibiting a negative return (B.D. Jordan, Fundamentals of Investing, 2006). 

Behavioral theories have again been considered as a possible cause for this effect. Although 
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no universally accepted theory exists, the idea is that the mood of investors on Fridays, 

heading into the weekend, is better than on Mondays, the start of the new week. Another 

theory is that companies are known to release bad news on Friday after market close and so 

the effects are seen on Monday (L. Kwoh, WSJ, 2012) but others have argued (A. 

Damodaran, 1989) that only a small part of the weekend effect can be accounted to this. The 

abundance of research and media attention that this market anomaly received made it 

imperative for us to include a controlling dummy for it in all our data sets with daily 

observations. 

 

2.1.2.4. Idiosyncratic Volatility 

Unlike the foregoing effects which are well-established concepts in finance a more recent 

paper (M. E. Drew, 2006) investigates whether the idiosyncratic or company specific risk 

has predictive power in determining stock returns in Germany and the UK. The findings are 

staggering, since their model better explains the returns than the CAPM and the 

idiosyncratic volatility has explanatory power. What this means is that the CAPM beta, 

which only addresses systematic risk, does not incorporate all the explanatory power for 

stock returns and it further implies deviations from CAPM equilibrium prices for these 

stocks. Since we found it highly relevant, we computed and added idiosyncratic volatility as 

a regressor in the model for all ten Danish corporations. 

 

2.1.3. Key Concepts of Behavioral Finance 

Sufficient empirical evidence of inefficient markets raised serious doubts about the 

paradigm of modern finance and thus collective efforts lead to establishing the field of 

behavioral finance. The aim of this branch of finance is to explain deviations from 

equilibrium market pricing by relaxing some of the strong assumptions of the financial asset 

pricing models that relate to the purely rational behavior of investors. It wants to investigate 

how and why market inefficiencies happen and assumes that psychological aspects can help 

explain the non-rational behavior patterns of investors. 

 

In traditional financial models investors are expected to behave rationally and always update 

their views correctly when new information becomes available and also use those updated 
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views in making normatively acceptable decisions. Conversely, the models developed 

within behavioral finance do not assume investor rationality. Moreover, in some models 

investors do not update their views when new market information emerges while in others 

they fail to make decisions that are normatively acceptable (N. Barberis, R. Thaler, 2002). 

Economists within this field argue that investors are prone to making cognitive errors and 

their judgment and beliefs concerning the market can diverge consistently from rationality. 

A series of relevant concepts that stem for this rationale and try and explain market 

equilibrium inconsistencies are presented hereunder. 

 

2.1.3.1. Herd Behavior 

Herd behavior is an instinct for people to act collectively and ignore individual 

thoughtfulness or decision making. In finance it has applicability for investors when making 

investment decisions based on what the majority is doing. They follow the herd and assign 

more credibility to the views of the majority and less to their own views on the matter since 

they believe it is more difficult for such a large amount of people to be wrong than it is for a 

single individual. This tendency to gravitate around other larger groups and sacrifice your 

own individual judgment for the common view is deeply rooted in our DNA’s and its effects 

are most of the time very hard to notice for the people affected (R. J. Shiller, 1991). 

 

In capital markets this is present when a major sell-off or a buy-frenzy occurs without any 

fundamental reasons to justify such a behavior. One driving force behind this behavior can 

be the fear of missing out or regretting not capitalizing on a good investment. Also, this 

concept is the main explanation behind the famous bubbles forming in financial markets 

(dotcom, housing, etc.). The same applies when a major player in the market i.e. Warren 

Buffett picks a certain stock and individuals flock to purchase the same stock immediately 

without considering the information available. One interesting aspect to note is that herd 

behavior can be either rational or irrational (D. Hirshleifer, S. H. Teoh, 2003). 

 

2.1.3.2. Anchoring  

This is a term coined by psychologists which refers to the situations where people are 

required to provide a quantitative assessment but their decision is heavily impacted by 
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suggestions. For example, this can happen in valuation scenarios where some values are 

already provided. As a matter of fact, social experiments where participants have been given 

different price ranges for the same house and asked to correctly price the property have 

shown differences between 11% - 14% percent in the valuation estimates simply because of 

the difference in the listed starting price. In the stock market anchoring is important since it 

helps explain some level of serial correlation between past prices and current prices and thus 

disruptions to the concept of a random walk for a stock price (R. J. Shiller, 2001). 

 

2.1.3.3. Overreaction 

This market hypothesis states that investors typically respond disproportionately to news 

releases that affect a certain stock. As a consequence, the change in price after the news 

release will not reflect the actual value of the stock but will be sudden and large in nature 

and overtime, the stock will revert back to its actual value once things settle down and 

investors come back to their senses. The overreaction occurs regardless whether the news 

was good or bad and excessive volatility, not explained by the EMH, can be experienced in 

the market in the aftermath of such news releases. This is consistent with market behavior 

around an IPO (initial public offering), which overreacts around the announcement date and 

then rebounds (J. Ritter, 1991). 

 

2.1.3.4. Overconfidence 

Over the years, in experiments, participants tended to show overconfidence about their own 

judgment when answering a wide range of questions and even when they were certain they 

were right, they were in fact right only 80% of the time. This common behavioral bias 

makes its way to typical investors who seem to be suffering from overconfidence and 

minimize uncertainty considerations when making investment decisions. The presence of 

overconfidence can also be linked to the “representativeness heuristic” - a predisposition for 

investors to categorize events in separate classes and overstress the probability estimates for 

the presence of these classes (A. Tversky, D. Kahneman, 1974). As a result, investors have 

the tendency to see patterns in truly random data and become confident that a stock 

following a random walk is really on a predictive path (R. J. Shiller, 2001). 
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2.1.4. Investor Sentiment 

The history of financial markets provides ample evidence of instances when security pricing 

was incongruent with what the standard financial model could explain. The Great Crash 

from 1929, the Electronics boom of the 1960s, the Nifty Fifty bubble from the early 1970s, 

the Black Monday crash of 1987, and the dotcom bubble of the late 1999s and early 2000s, 

are all great case in point examples of this. During these events the price changes were 

dramatic and did not equal the present value of the future cash flows for that particular 

company as the standard model suggests. To try and explain this, behavioral finance 

researchers focused on augmenting the standard model with a different model constructed 

on the basis of two major assumptions. 

 

The first assumption is that investors are not always rational and their stock market beliefs 

can be strongly affected by sentiment. Investor sentiment occurs when investors’ views 

concerning risk and future cash flows cannot be explained by factual reasoning. The second 

assumption is that going against the views of sentimental investors is very costly and risky. 

This then explains why arbitrageurs, also known as rational investors, find it difficult to 

bring price back to fundamental values, as they are not willing to force the hand of their 

irrational peers. 

 

This brings us to the financial theory known as “limits to arbitrage”. This theory proposes 

that because it is too risky for rational investors to correct cases where financial assets are 

mispriced, this mispricing lasts for a longer time allowing for arbitrage opportunities to 

appear. Needless to say, this contradicts the EMH since arbitrage in market pricing should 

be corrected immediately.      

 

Nowadays, the effects of investor sentiment on the stock market are no longer contested but 

the issues now are how to measure and quantify them. Two approaches within behavioral 

finance try to achieve just this. The first one is called “bottom up”, and as the name suggests 

starts by investigating psychological biases that investors might be subject to i.e. 

overconfidence, and ends by predicting patterns in the market concerning volume, sentiment 

and price. Conversely, the second approach, “top down”, starts from a macroeconomic 

perspective and builds on the existent knowledge of investor sentiment and limits to 
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arbitrage to determine what stocks are most heavily impacted by the sentiment and not just 

that the stock prices depend on the sentiment. The results show that stocks with high 

volatility, low market cap, young, unprofitable, which do not pay out dividends and belong 

to companies in financial distress are significantly more vulnerable to investor sentiment. 

One advantage of the “top down” approach is the model’s ability to include bubbles, crashes 

and other daily observable patterns in stock prices. By contrast, the “bottom up” excels at 

providing incremental variations in investor sentiment. These approaches deserve further 

attention from researchers to get a more in depth picture of investor sentiment (M. Baker, J. 

Wurgler, 2007).   

 

2.1.5. Why Social Attention Can Affect Stock Returns? 

Odean’s paper is fundamental in order to understand the intuition behind employing the 

amount of a certain social variable to explain stock returns. Attention is a resource and like 

all valuable resources it is scarce and hard to come by. The psychological concept of 

selective attention is also valid for investors in the stock market. Investors suffering from 

time constraints cannot possibly pay attention to all the stocks listed on a particular 

exchange and so they focus on the stocks that recently caught their attention. Moreover, 

investors tend to primarily buy stocks that captured their attention and usually sell only from 

the restricted number of underperforming stocks already present in their portfolio.  

 

Conversely, the behavior of institutional investors is way less likely to succumb to attention 

grabbing events and influence their trades. First and foremost, institutional investors have 

more resources and thus attention is less of a scarcity when looking to buy stocks. This 

allows them to select from a broader range of stocks or even only focus on a certain sector. 

Second, institutional investors short stocks, meaning that they do not restrict themselves to 

sell the bad performing stocks they already own, but actively seek out other stocks to short. 

This means they are just as likely to sell or buy attention grabbing stocks and treat selling 

and buying as two sides of the same coin. 

 

Compared to the previous paper we do not make any distinction among institutional and 

non-institutional investors and contrary to this study we do not analyze the market as a 

whole but only the data at company level. Additionally we make the strong assumption that 
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social activity influences also the selling behavior. Since investors’ attention is captured by 

the social platform, an increase or decrease in company specific activity is capable of 

modifying what they want to buy or sell. In other words, the fact that there are more or less 

social variables on the Facebook fan pages changes the stock returns. This is obviously a 

strong statement and it implies that when there is less social activity the stock returns will be 

lower. From a financial point of view this is, to say the least, not correct. We will discuss 

this matter in more depth in chapter four. 

 

The concept of social contagion is also very relevant to explain how attention for a 

particular stock arises. The Oxford Dictionary of Psychology defines social contagion as 

“the spread of ideas, attitudes, or behavior patterns in a group through imitation and 

conformity”. The concept was introduced in the field of social sciences in the 1920s and 

research undertaken to show how extensive its effects are has been done ever since. It can be 

broken down in two major areas: emotional contagion and behavioral contagion. The 

behavioral contagion can again be segmented into six broad categories: aggression, rule 

violation, hysterical, self-harm, consumer behavior and financial contagion. Of concern to 

us here is the financial contagion, from the behavioral contagion category, and the emotional 

contagion (P. Marsden, 1998). The financial contagion is said to affect the stock market 

when major swings happen and the research focus has been on investigating the factors that 

might lead to this such as social communication networks, analysis methods, and the 

information level and type available to traders (A. Orlean, 1992, T. Lux, 1998, T. 

Temzelides, 1997). The emotional contagion is defined as “the process by which individuals 

seem to catch the "mood" of those around them” (E. S. Sullins, 1991). The presence of these 

two psychological concepts and the possibility that they are transmitted on social networks 

are of interest to us since they might explain why the social activity affects stock returns. 

 

2.1.5.1. Facebook 

In a recent study, by employing a massive experiment (689,003 users) on Facebook it was 

shown that emotions, through emotional contagion, are transferred to other users without 

them even realizing this. This happens without direct interaction between people and 

without any verbal cues which was previously thought as a prerequisite for emotional 

contagion. 
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The experiment meddled with the news feeds of the participants in that it first reduced the 

number of positive expressions in their feed and subsequently the number of negative 

expressions to test how users will react to these changes. The results showed that when 

positive expressions were reduced, users made less positive posts and more negative ones; 

the opposite was observed when negative expressions were reduced. To be more precise, 

when positive posts were reduced in the feed, the positive words in posts produced by users 

decreased by -0.1%. Also, the negative words in posts produced by users increased by 

0.04%. Conversely, when the negative posts were decreased in the feed, negative words in 

posts by users shrank by -0.07% and the positive words in posts went up by 0.06%. All the 

results are significant at 1% and essentially show that “emotions expressed by others on 

Facebook influence our own emotions, constituting experimental evidence for massive-scale 

contagion via social networks.” (Adam D. I. Kramer et al., 2014). 

 

Naturally, there are growing concerns that Facebook can and will manipulate the news feed 

of users to achieve various ends. It can change the mood and emotions people have towards 

certain products or companies, and on the other end, corporations are willing to pay big 

bucks for this. 

 

These implications might also be relevant from a finance perspective if the emotional 

contagion on online social networks, captured in the social data (posts, comments, likes), 

holds for the stock market. (Gregory S. McNeal, “Facebook Manipulated User News Feeds 

To Create Emotional Responses”, Forbes Magazine, 2014). 

 

2.2. Methods for Stock Returns Prediction 

Since the very birth of modern Stock Exchanges scholars and professionals used several 

methods trying to explain or predict stock returns. Before starting to categorize the different 

techniques, it is important to recall the data type they can be applied to.  

To begin with, there are cross sectional datasets in which different entities are analyzed at a 

certain point in time meaning that there is a single time label for all the observations. The 

second category is the time series data where a single subject is observed at various points in 
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time. A case in point is this thesis except for the fact that we have twenty different series, all 

with the same time labels. Lastly, there is panel data, where several attributes of different 

subjects are measured at various points in time. Cross-sectional and time series datasets can 

be considered as a limited case of multi-dimensional panel data.  

 

Given this data we can now classify the methods in two broad categories: the first one 

includes conventional techniques that rely mainly on statistical means such as multiple 

linear regressions, autoregressive and moving averages models. The second category is 

concerned with more recent, soft-computing techniques, like artificial neural networks and 

neuro-fuzzy methods.  

All methods are mostly applied to single or multiple stock market indexes with only few 

studies on single stock returns. 

 

It is important to remember that our work is not predictive as many contemporaneous 

variables are included in our regression hence discarding the possibility of plugging 

exclusively past values in the model to obtain future estimates. For simplicity, in the 

following parts we are only going to give a brief overview of the most popular methods. 

 

2.2.1. Simple and Multiple Linear Regression 

Given its ease of use it is a widely used method also in disciplines outside economics and 

finance. It can be applied on cross sectional data and time series making it extremely 

appealing for any analysis. 

 

This model attempts to find a linear relationship between a dependent variable and one 

(simple linear regression) or more (multiple linear regression) independent variables. For 

instance in this study we are trying to find a relationship between the dependent variable 

Stock Returns and other economic and social independent variables. As hinted in the 

paragraph above, the model can either be used with a predictive intent or to quantify the 

relationship’s strength.  

The usual form of a multiple linear regression is the following:  

 

𝑦𝑡 = 𝛽0 + 𝛽1𝑥𝑡1 + ⋯ + 𝛽𝑘𝑥𝑡𝑘 + 𝑢𝑡 
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The independent variables x are attached to some unknown coefficients (betas) that quantify 

the relationship with the dependent variable y. The u term is the so called error which 

represents factors other than x that affect y. 

 

By applying the ordinary least squares method (OLS) to the equation it is possible to find 

the unknown coefficients (betas) related to the independent variables that affect the 

dependent variable. OLS is a function that minimizes the sum of squared residuals defined 

as the difference between the total sum of squares and the explained sum of squares. It is 

useful to think of the process as a way to find the coefficients’ combination that fit better the 

dependent data. Lastly, in order to correctly apply the OLS method several assumptions 

(Gauss-Markov assumptions) need to be respected. A more expanded explanation of the 

terms, assumptions, as well as the steps to find the function will be given in the 

methodology part. 

 

2.2.2. Time Series Models 

These methods are applied to time series processes when trying to capture the relationships 

in a single array of ordered data (a single time series) or between several ones. Same as the 

multiple linear regression, one could aim at forecasting future values of the time series or 

trying to understand its behavior.  

 

There are three wide classes of time series models, these are the Autoregressive (AR) 

models, the Integrated (I) models, and the Moving Average (MA) models. If these three 

classes are combined we get Autoregressive Integrated Moving Averages models, the well-

known ARIMA.  

 

When applying the first class, autoregressive models, we use past values of the variable of 

interest to forecast future values; depending on the number of lagged values we include in 

the regression we are going to have an AR model of order p. It is like a multiple linear 

regression but without independent variables, only the Y is taken into account. 
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The second class is not a model per se but rather a procedure that has to be performed in 

order to get a stationary process. The concept of stationarity is central in time series analysis 

and we are going to explain it later in the methodology part. For now we are only going to 

say that the majority of the theory behind these techniques relies on this assumption. 

 

The last class are moving average models which work similarly to autoregressive ones 

except for the fact that in the regression there are past forecast errors. 

It is important to mention also the autoregressive conditional heteroscedasticity model 

(ARCH) and its generalized version (GARCH). Differently from the previous models they 

account for a different variance in the error term. In the stock prediction literature and 

among the conventional methods the ARCH family models are those that yielded the most 

accurate results. 

 

The last model that is worth considering is the Vector Autoregression (VAR) which is the 

approach followed by Karabulut in his work “Can Facebook Predict Stock Market 

Activity?”. VAR models are a generalization of the AR univariate case; they are very well 

suited to capture linear interdependencies among multiple time series which is exactly the 

datasets we are dealing with. 

 

2.2.3. Artificial Neural Networks 

Artificial neural networks are inspired by the analysis of the human central nervous system. 

According to DARPA, the U.S. Defense Advanced Research Projects Agency, a neural 

network is -  a system composed of many simple processing elements operating in parallel 

whose function is determined by network structure, connection strengths, and the processing 

performed at computing elements or nodes” – (DARPA, Neural Network Study, 1988). All 

neural networks are different but there are common elements: a set of nodes, and 

connections between nodes. The nodes are computational units. They receive inputs, and 

process them to obtain an output. This processing might be very simple, or quite complex (a 

node might contain another network). The connections determine the information flow 

between nodes and they can be unidirectional, when the information flows only in one 

sense, or bidirectional, when the information flows in either sense. The interactions of nodes 
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through the connections lead to a global behavior of the network which cannot be observed 

in the elements of the network. 

 

 To understand the behavior of stock returns the network has to be fed with different inputs 

(economic and in our case, social). ANNs are very well suited for capturing associations or 

discovering regularities within a set of patterns hence their increasing adoption in the 

financial community. 

 

2.3. Previous Researches with Social Data 

To our knowledge the only paper that tries to consolidate the existing researches on the 

predictive power of social media is from Kalampokis et al. in their “Understanding the 

Predictive Power of Social Media”. This review paper is restricted to works with predictive 

goals and reports also studies in areas different from finance such as disease outbreaks, 

product sales and elections outcome predictions.  

 

Nonetheless, this summary work was useful to us to understand where most social media 

studies were aiming at and which papers are similar to our thesis. It is well established, as 

the amount of such studies shows, that Twitter is the preferred mean to find relationships 

between social media activity and the stock market. Bollen et al. in their paper “Twitter 

mood predicts the stock market” were the first to get media attention thanks to their 

extraordinary results. The work was highly criticized by the community for the lack of 

statistical reliability but paved the way to other similar studies.  

 

Two more Twitter-based papers are interesting to us: they are “Predicting Stock Market 

Indicators Through Twitter - I hope it is not as bad as I fear” from Hauke Fuehres et al. and 

“Predicting Stock Market Indicators Through Twitter” from Zhang et al. Both studies, as 

stated by their authors, are highly exploratory but nonetheless the results showed that 

Twitter is indeed a valuable predictor of market movements. In the latter work the 

researchers collect several Twitter messages that contain keywords such as “dollar”, “gold”, 

“oil”, “job”, “economy” and show that they have predictive power with regard to currency 

exchange rates, gold price, oil prices as well as the DJIA (Dow Jones Industrial Average), 
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the Nasdaq and the S&P 500. By using correlation tables and then the Granger Causality 

Test, they find that the change in volume from the previous day of all the keywords-based 

time series match values shifts in the respective assets. 

 

 The work from the European Central Bank, “Quantifying the Effects of Online Bullishness 

on International Financial Markets” uses Google search queries along with Twitter updates. 

They examine the predictive power of the new Bullishness indicator on the international 

stock market. The findings are that Twitter information precedes Google queries and the 

former also predict increases of stock returns followed by reversal to the fundamentals.  

 

A minority of studies target micro-blogs other than Twitter such as LiveJournal and a 

technology savvy community called Engadget where, contrary to the aforementioned 

studies, the focus is on technology companies such as Microsoft or Dell. Twitter and other 

microblogs are more appealing because of the nature of microblogs themselves: users write 

short sentences and can only change few features of their profiles making the data gathering 

and wrangling more straightforward compared to Facebook profile/pages. Simplicity gives 

Twitter a considerable data usability advantage. That said, in the past five years few 

researchers have shifted their focus on Facebook.  

 

The study previously mentioned “Can Facebook Predict Stock Market Activity?”, is 

especially interesting because Karabulut applies a thorough statistical analysis by employing 

vector auto-regression to predict stock price returns as well as volume changes in the US 

stock market. Several control variables are included in the dataset to isolate the effect of the 

Gross National Happiness index (GNH) on the dependent variables. The GNH was built by - 

adapting a collection of positive and negative emotion words built by social psychologists. 

Examples of positive or happy words include "happy," "yay" and "awesome," while 

negative, or unhappy words, include "sad," "doubt" and "tragic." - (Matt Hicks, A More 

Global View of Gross National Happiness, 2010). Karabulut showed that GNH - has the 

ability to predict statistically significant and economically meaningful changes in aggregate 

market returns. Consistent with noise trader models, the positive influence of GNH on 

market returns is only temporary and completely reverses during the following trading 

weeks. The evidence of an initial increase and a subsequent return reversal supports the 
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proposition that GNH serves as a proxy for investor sentiment - (Y. Karabulut, “Can 

Facebook Predict Stock Market Activity?”, 2013). Karabulut used a proxy for investor 

sentiment, which is a far more complex and, as the literature until now proves, meaningful 

tool to use when predicting stock returns compared to our still unexplored “social attention” 

proxy. 

 

 To finish, it is important to highlight that there are also studies which assume a prudent 

perspective about social data reliability: the study from 2011 “Don't Turn Social Media Into 

Another 'Literary Digest' Poll” shows how the sentiment analysis techniques, currently very 

fashionable, largely overestimated Obama's victory in the 2008 U.S. Presidential Elections.  

 

All things considered, the studies which use social data can be considerably different among 

each other: there is neither a single correct approach nor indispensable data to include in the 

analysis. As obvious as it may seem it is fundamental to understand carefully the data 

context, the wrangling process, and the analyses that lead to the results.  

 

3. Methodology and Results 

In this section we are going to present the approach that we followed to analyze the data. 

The first sub point specifies the data collection and how the work was initially approached. 

In the second sub point the model is presented along with the derivation of the OLS method 

and the assumptions under which it produces unbiased and efficient coefficients estimates. 

In 3.2 the reason to run the model under the Adjusted R-Squared specification is explained 

along with the variables included in the model. In 3.3 it is possible to find the data 

wrangling process and the sub samples that were created to test the different hypotheses. 

 

3.1. Data Collection and Limitations 

As previously stated in the introduction chapter, SODATO has been used to fetch the 

Facebook social data while the stock market data was downloaded from Yahoo! Finance.  
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Initially, the plan was to include all twenty companies listed in the OMXC20 for this 

exploratory study. Unfortunately, the reduced Facebook activity and data access restrictions 

for certain companies (e.g.Carlsberg) did not make this possible.  

 

Furthermore, we initially also fetched the adjusted closing daily prices for the  remaining 

companies and attempted to use them as our dependent variable but after a more extensive 

literature review and discussions with our supervisors we realized that there is academic 

consensus that stock returns are a better choice.  

 

Additionally, another significant change we made along the way was to drop the ADS index 

as a control variable in our model. The ADS index is designed to track economic conditions 

or business cycle movements at high frequencies and it draws from major economic 

indicators to achieve this. Although the index was used successfully in a research paper 

(Karabulut, 2010), that focused on Facebook’s relationship with the stock market, it was 

highly insignificant in our model most likely because it was designed for the US market.  

 

A final judgment call we made is that we decided not to include “unique actor counts”, a 

social data measurement that counts the total actions made by an individual on a Facebook 

corporate page as opposed to the total number of activities captured by other social data 

(posts, comments, likes). It was decided to not include this social variable because it was 

consistently very highly correlated with the “like” social variable across our regressions. 

 

3.2. Econometric Model 

The model’s equation is the following: 

 

𝑅𝑒𝑡𝑡 = 𝛽0 + ∑   𝛽𝑖𝑝𝑜𝑠𝑡𝑡−𝑖

3

𝑖=0

+ ∑   𝛽𝑖𝑐𝑜𝑚𝑚𝑡−𝑖

3

𝑖=0

+ ∑  𝛽𝑖𝑙𝑖𝑘𝑒𝑡−𝑖

3

𝑖=0

+ ∑  𝛽𝑖𝑂𝑀𝑋𝑡−𝑖

3

𝑖=0

+ 𝛽𝑖𝑣𝑜𝑙𝑎𝑡 + ∑   𝛽𝑖𝑑𝑢𝑚𝑚𝑦𝑖𝑡

3

𝑖=1

+ 𝑢𝑡 

 

Before continuing with the description of the variables we are going to present the theory 

behind a simple regression. Chapter 3.2.1 is not pivotal to understand the overall work but, 

since OLS was the method used, it is important to exhibit at least a simple derivation. We do 
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not show here the least square technique that requires calculus but the more intuitive method 

of moments. 

 

3.2.1. Deriving the OLS 

For the sake of completeness we are going to give a demonstration of how to derive the OLS 

estimator in a simple regression framework following J. Woolridge’s book and N. Higgins’ 

paper. The latter work is based on the volume “Introductory Econometrics” from 

Woolridge; however, it adds the mathematical steps and intuitions that lead to the OLS 

estimates. The demonstration starts from equation six of the paper since the first five were 

used to derive the univariate case i.e. when there is a single unknown parameter also known 

as regression through the origin. The explanation is very detailed but easily comprehensible. 

The model presented here is bivariate, a simplification of the one we have with twenty 

variables. 

The form is the following: 

 

𝑦𝑡 = 𝛽0 + 𝛽1𝑥 + 𝑢𝑡. 

 

The dependent variable y is related to the independent (or explanatory) variable x through 

the 𝛽1 coefficient. The error terms 𝑢𝑡 are unobservable information in the model that change 

y without being part of our data.  

The method used to derive the estimators is the method of moments which involves equating 

the sample moments with the theoretical moments. It is based on the law of large numbers 

which states that the average of the results obtained by a number of random trials will 

become closer to the expected value as we increase the number of trials. 

By using this method for every constraint imposed on the data it is possible to identify one 

parameter; as soon as we make an assumption about the model we then use it on the data. 

Each imposed rule says what one parameter must be for the rule to hold. 

In the equation above we need to estimate two parameters �̂� 0 and �̂� 1, hence there are two 

assumptions. The first one, E(u) = 0 is a constraint placed on the data, meaning that we are 

forcing the average of u to be equal to zero. The other assumption used by Woolridge is 

Cov(x; u) = 0. This condition follows from the assumption that x and u are independent, it 



30 
 

follows that if they are independent their covariance must be zero. It is a very helpful 

assumption because it allows us to observe only movements in y that are caused by x alone 

and not by other unobserved factors. With the first assumption we get: 

 

The last equation is the one that we need for 𝛽0. The issue is that 𝛽1 is still unknown, we 

will find it by imposing the second condition Cov(x; u) = 0 and then plug the estimate in the 

equation. 

Firstly, it is useful to express the definition of covariance between two variables. 

 

In the second line the expected value operators are substituted with the actual means of x 

and u. The third line expands the expression with the FOIL method and the fourth applies 

again the operator. From the last equation it is possible to continue to find another way of 

expressing Cov(x; u) 

 

 

We obtain the last line of (9) because the expectation of u is zero leaving us with E(x ∗ u). 

We now take this expression and substitute it in the regression equation that includes the 

two unknown parameters 𝛽0 and �̂� 1. This is done to identify the two parameters. 
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This is the expression for the sample value of E(x ∗ u). Setting this equal to zero (remember 

that Cov(x; u) = 0) and solving for �̂� 1 we get: 

 

The unknown term  𝛽0 is now part of the equation so we substitute it for the expression we 

got at the end of equation (6). 

 

We expand by multiplying ( �̅� − 𝛽1 �̅�  ) and  
1 

𝑁
∑ 𝑥𝑖𝑖 . 

 

Finally two things have to be done: first we divide everything in the equation by 1/N to 

eliminate it from the expression (since 1/N multiplies everything in the equation, it has 

no effect, so we can get rid of it); second factor out 𝛽1 so that we can solve the equation for 

𝛽1

. 

T

h

e
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last expression for 𝛽1 gives us the method-of-moments estimator of 𝛽1, which is called 𝛽1̂. 

This derivation was performed by using the method of moments which is different from the 

least square technique (the one that gave the name to OLS). The least square method, as 

mentioned in 2.2.1, requires the minimization of the measure that state how wrong our 

predictions of y are, that is, the sum of 𝑢2. Nonetheless the two procedures yield the exact 

same results. (All the pictures are from N. Higgins’ paper: “Deriving the OLS estimator in 

the univariate and bivariate cases”). 

 

3.2.2. Assumptions and Specifications 

In this paragraph we are going to show and briefly discuss the assumptions on which the 

econometric analysis is based on. The formal definitions and proofs are not presented given 

the applied nature of this work. What seemed important to us is to understand the intuitions 

behind the violation of such assumptions. To begin with, the concept of Best Linear 

Unbiased Estimator (BLUE) has to be briefly introduced: in this regard “Best” means that 

the estimator is the one with the lowest variance among other unbiased estimator whereas 

“Unbiased” means that there is no difference between the expected value of the estimator 

and the true value of the parameter we are trying to estimate. The assumptions for OLS to be 

BLUE when applied on time series are the following: 

1. The stochastic process {(𝑥𝑡1, 𝑥𝑡2, … , 𝑥𝑡𝑘, 𝑦𝑡): t=1,2, …,n} follows the linear model 

𝑦𝑡 = 𝛽0 + 𝛽1𝑥𝑡1 + ⋯ + 𝛽𝑘𝑥𝑡𝑘 + 𝑢𝑡) where {𝑢𝑡= 1, 2, …, n} is the sequence of the 

errors and n is the number of observations. 

2. In the sample (and therefore in the underlying time series process), no independent 

variable is constant nor a perfect linear combination of the others. 

3. The expected value of the error 𝑢𝑡, given the explanatory variables for 

contemporaneous time periods, is zero. Mathematically, E(𝑢𝑡│𝑥𝑡) = 0, for t = 0. 

4. The errors 𝑢𝑡  are contemporaneously homoscedastic: Var (𝑢𝑡│𝑥𝑡) = 𝜎2. 

5. Conditional on X, the errors in two different time periods are uncorrelated: E 

(𝑢𝑡, 𝑢𝑠│𝑥𝑡, 𝑥𝑠) = 0 for t ≠ s. 

6. The errors 𝑢𝑡 are independent of X and are independently and identically distributed 

as Normal (0, 𝜎2). 
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The first five points are known as the Gauss-Markov assumptions; the last implies the fourth 

and the fifth and is required for statistical inference.  

 

All the assumptions’ checks were done graphically by looking at different plots or with 

simple econometric tests; both were provided by the SAS output. With regard to the first 

assumption we checked for non-linearities in the data samples by looking at the residual 

values from each of the regressors. For example U-shaped patterns are a sign of such non-

linearities meaning that a transformation of one of the variables, for instance a term raised to 

the second, might be appropriate. Since no analogous anomalies were detected we 

established that linearity is respected.  

 

We checked for the second assumption by computing correlation tables between all the 

variables: even if only perfect collinearity between two variables posits substantial issues we 

discarded one of the two when there was a correlation higher than 0.9.  

 

The third assumption is the most delicate and it is usually caused by an omitted variable 

bias: by not including a relevant variable in the model the OLS estimator will produce 

biased coefficients (𝛽). Since, following the literature, we do not incorporate variables that 

have an effect on y, the estimated coefficients might be smaller or higher in value, leading to 

erroneous interpretations of the results. With regard to our model we do not include past 

company returns (which control for the momentum effect) as well as environmental 

measures such as temperature and precipitation. Past literature showed that latter measures 

are indeed capable of influencing market actors (Persinger and Levesque, 1983). The 

exclusion is justified by the fact that the methods required for handling such time series were 

too advanced considering the skills acquired during our econometrics studies.  

 

The fourth assumption is known as homoscedasticity: it requires the variance of the error 

term to be constant over time. If heteroscedasticity is present and not corrected for the usual 

hypothesis testing is no longer valid. Since SAS software is capable of determining 

heteroscedasticity consistent parameters and such occurrence was detected with a White test 

in most regressions, we run all of them under this specification.  
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The fifth assumption requires the errors to not be auto-correlated meaning that, given a time-

series process, the correlation of the errors must be equal to zero. If not respected the 

standard errors of the estimated coefficients might be far off from their real value as well as 

the coefficients. We checked for autocorrelation with the Durbin-Watson test resulting in 

very few cases of such occurrence. Since correcting them was not worth yet other data 

wrangling we simply discarded those regressions where such issue was detected. Lastly in 

order to use the OLS standard errors, t statistics and F statistics, the last assumption must 

hold: the errors’ distributions were bell-shaped in most of the cases even if the issue of 

outliers was very persistent. Outliers are observations that diverge greatly from the other 

values in the distribution. We believe that abnormal observations were those that, along with 

omitted variables bias, mostly hindered the correct coefficients estimations. Same as in the 

heteroscedasticity case, this violation affects the coefficients’ absolute values.  

 

The concept of Stationarity has to be introduced too: a time series is said to be stationary if 

the distribution of x at 𝑡1 is the same as x at 𝑡2 and so on until 𝑡𝑘. In other words it has to be 

identically distributed (Woolridge, Introductory Econometrics, 5th edition). Non-stationarity 

does not allow us to understand the relationship between two time series because such 

association changes in each time period. For instance seasonality and trends produce non-

stationary processes. We checked for such anomalies by plotting the variables using Excel 

graphs; we recognize that other tests, like the Augmented Dickey-Fuller, are more 

appropriate, but following basic econometrics approaches we found that this method is 

sufficiently informative to discover such deviations. Another issue that can arise with non-

stationary time series is the spurious regression problem. For instance there might be two 

independent time-series drifting in the same direction resulting in a very high level of R-

square and significant variables even if there is no meaningful relationship among the two 

time series.  

 

We are now going to explain how we chose to use the model on the data as well as the 

limitations of such choices. Firstly, as it can be noticed by looking at the model equation, the 

three social variables and OMX returns have up to three lagged components. The choice of 

the number of lagged terms to introduce in the equation was taken by running several 

exploratory regressions with up to six lags. Since the p-values of all the terms after the third 
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were not significant at a ten percent level in all the regressions, we decided to stick with 

three lags. It is again a highly debatable choice since other information criteria (for instance 

the Akaike Information Criterion or the Bayesian Information Criterion) are well suited to 

solve this issue. The choice is nonetheless accepted by the statistical literature even if it is 

not optimal and highly time consuming. We want to highlight again that the inclusion of 

contemporaneous variables in the model does not allow any prediction. The results are, to a 

certain extent, a possible explanation of what in the past affected the companies’ stock 

returns. There is no assurance that the relationships captured are going to persist also in the 

future.  

As mentioned in the introductory methodology we used the statistical software SAS under 

the Adjusted-𝑅2 specification. Initially the same model was run on all the sub-samples and 

then only those variables that increased such measure were kept. It is important before 

explaining the adjusted version to understand the message conveyed by the normal 𝑅2. 

Following Woolridge’s explanation, R-Squared is the “proportion of the sample variation in 

y that is explained by the OLS regression line. By definition, R2 is a number between zero 

and one” (Woolridge, Introductory Econometrics, 5th edition). If the statistic is equal to one 

it means that 100% of the variance in y is explained by the model whereas if it is zero it 

means that no relationship is explained by the independent variables. Mathematically: 

𝑅2 = 1 −  
𝑆𝑆𝑅

𝑆𝑆𝑇
. 

Where SSR is the sum of squared residual and SST is the total sum of squares defined as: 

𝑆𝑆𝑇 = ∑ (𝑦𝑖 −  𝑦 ̅)2𝑛
𝑖=1 . 

𝑆𝑆𝑅 =  ∑ 𝑢�̂�
2𝑛

𝑖=1 . 

SST is a measure of the total sample variation in 𝑦𝑖: that is, it measures how spread out the 

𝑦𝑖  are in the sample (Woolridge, Introductory Econometrics, 5th edition). SSR measures the 

sample variation in the errors, where the errors are defined as �̂�𝑖 =  𝑦𝑖 −  𝑦�̂� which is just the 

difference between the sample 𝑦𝑖 and the 𝑦𝑖 estimated by the regression (𝑦�̂�). In simple 

words the 𝑅2 says how good the model is at explaining the sample variations: if the SSR is 

very little compared to the SST than the 𝑅2 will be closer to one indicating a good fit of the 

model to the sample data. The adjusted R-square is similar to the normal version but it 
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penalizes the introduction of variables that do not increase the model’s fitness by more than 

it would be expected by chance. In fact, it is possible to increase the value of the normal 𝑅2 

by simply introducing more and more variables. In the adjusted R-squared the tradeoff 

between simplicity and accuracy is pondered. The formula is the following: 

Adjusted 𝑅2 =  1 −  
𝑆𝑆𝑅𝑒𝑠𝑖𝑑𝑢𝑎𝑙𝑠

(𝑛−𝐾)⁄

𝑆𝑆𝑇𝑜𝑡𝑎𝑙
(𝑛−1)⁄

 

The rationale to use this measure is that, given the complete model, we wanted to maximize 

the variance explained by keeping the model as simple as possible. The statistical software 

includes a variable only if it explains better the relationship with the y taking into account 

other variables that already do that. This specification allowed us to run all the regressions 

with the intent of understanding if, for each sub-sample, there was at least a social variable 

capable of explaining better the dependent variable behavior. The main limit is that we use a 

model that is most likely incomplete: by introducing other variables and making stricter 

checks on the assumptions it might be that the social effect on stock returns diminishes 

significantly or even disappears. 

 

The last attribute that has to be described is the model’s form: it is built in the so-called 

“Log-Level” form; it means that the dependent variable (as we will soon explain) is a 

logarithm whereas the independent is linear. It means that the regressors’ effects have to be 

expressed in percentages. For instance if the value of the post𝑡 coefficient is -0.002, it 

means that another post decreases the stock return by 0.2%.   

 

3.2.3. Variables 

We included eight different variables in our regression; in the following sub-points we are 

going to describe their attributes as well as the rationale behind their inclusion. The model is 

presented again to easily link the abbreviations with the respective variables: 

 

𝑅𝑒𝑡𝑡 = 𝛽0 + ∑   𝛽𝑖𝑝𝑜𝑠𝑡𝑡−𝑖

3

𝑖=0

+ ∑   𝛽𝑖𝑐𝑜𝑚𝑚𝑡−𝑖

3

𝑖=0

+ ∑  𝛽𝑖𝑙𝑖𝑘𝑒𝑡−𝑖

3

𝑖=0

+ ∑  𝛽𝑖𝑂𝑀𝑋𝑡−𝑖

3

𝑖=0

+ 𝛽𝑖𝑣𝑜𝑙𝑎𝑡 + ∑   𝛽𝑖𝑑𝑢𝑚𝑚𝑦𝑖𝑡

3

𝑖=1

+ 𝑢𝑡 
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The sum operator identifies the number of lags introduced for each variable. As explained in 

the previous section we decided to include a maximum of three lagged terms. 

 

3.2.3.1. Stock Price Returns 

It is the dependent variable whose behavior we are trying to describe. The price data were 

downloaded using Yahoo! Finance. Since the stock market is not active in the weekends, as 

well as other festivities, the time series includes only the working days.  

Yahoo! Finance provides the closing price but not the daily returns which means that we had 

to perform the computation. We opt for logarithmic returns having considered their useful 

additive properties (a more in depth explanation will be provided in the “data wrangling” 

section). The formula used is the following:  

Ret𝑡= ln (
𝐴𝑑𝑗 𝐶𝑙𝑜𝑠𝑖𝑛𝑔 𝑃𝑟𝑖𝑐𝑒 𝑡 

𝐴𝑑𝑗 𝐶𝑙𝑜𝑠𝑖𝑛𝑔 𝑃𝑟𝑖𝑐𝑒 (𝑡−1)
) 

Where “ln” is the natural logarithm and “Adj closing price” is the end-of-the-day quote 

adjusted for dividends and splits. 

 

3.2.3.2. Post 

It is the first of the social variables included in the analysis and is present in all the 

regressions with up to three lagged terms. We want to prove that a daily increment or 

decrement in the absolute amount of such a variable is capable of influencing the behavior 

of market actors by catching their attention. 

 

The “Post” action allows Facebook users to place on the walls of corporate fan pages at least 

three different kinds of content. 

The first one is a written message that can transmit a multitude of concepts: questions, 

excitement or dissatisfaction for a product, suggestions and so on. 

The second and third posting contents encompass the sense of sight and, in case of the latter, 

also hearing; these are pictures and videos. Hypertext is a type of post which has a different 

form but usually just refers to one of the previous contents. It is important to specify that all 
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these posts can be unrelated to the brand, possibly bringing on the Facebook wall a lot of 

noisy activity.  

 

Another attribute of the post variable is that, same as the other social variables, it might 

appear on the fan page any day of the year. This issue produces an unbalanced dataset since 

the time labels of the former variables and those of the stock returns do not match. To make 

an example, there is likely going to be social activity during the weekends whereas the 

markets are closed. It means that for a given Saturday or Sunday there is a social entry but 

not an economic one. We will explain later how this problem was solved. We expect the 

sign of this variable to be positive in all the regressions since we argued that attention has a 

positive effect on the buying behavior. 

 

3.2.3.3. Comment 

The second social variable is the comment action. It can be performed on posts that already 

are on the Facebook page and in the same manner it can be a written content, a video or a 

picture. There are three lagged terms of this variable to account for the time delay that it 

takes to come to people’ attention and to test if it has any predictive power. Comments are 

probably very informative because it is where people express their thoughts about a topic. 

At the same time they can also be extremely noisy as it is not unlikely for Facebook’s 

discussion to be about almost everything that is happening in any moment. The idea of 

understanding the “sentiment” embedded in the comments or posts, is related to the concepts 

of investor sentiment previously introduced. In this thesis we want to test something easier 

which is to understand if the volume of the social actions has a relationship with 

modifications in the stock returns. What matters to us is attention, because, being a limited 

resource, it can revolve around few specific subjects; if Facebook activity grabs individual’s 

attention then this might induce changes in their behaviors. Same as the post variable we 

expect the sign of the related coefficients to be positive. 

 

3.2.3.4. Like 

This social variable was included in all the model specifications (full data, yearly 

breakdowns, abnormal events) at all frequencies (daily, weekly). It measures the positive 
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reaction to posts or comments that is exhibited by Facebook users. Lags of this variable 

were also used to understand if there is any predictive power on stock returns. Last but not 

least, “likes” are a good measurement of the activity on a Facebook corporate page because 

only one is allowed per user and thus it is a very good approximation of the number of 

unique actors on a daily basis. 

 

3.2.3.5. OMX Index Returns 

The OMX Index return is a control variable in our model which was added at the suggestion 

of our supervisor, Lisbeth la Cour. The data was fetched from Yahoo! Finance and the 

returns were computed using logs of the adjusted daily closing prices (continuous 

compounding) in the same manner as the stock price returns. Since all our stocks are part of 

the OMXC20, the index returns are highly significant in our model, in most of the 

regressions. 

 

3.2.3.6. Volatility 

Two methods have been employed to compute the volatility. First, for daily frequencies, the 

Average True Range – ATR has been used. In order to find the ATR, one first needs to 

compute the True Range – TR on a daily basis. Once this is done, the first ATR value is 

determined as a mean value of all the TRs. Then ATR values at time t are computed by 

using a specific formula. Second, for weekly frequencies we used pivot tables in Excel. The 

volatility is calculated as the standard deviation over a five days period. The formulas for the 

true range (TR) and the average true range (ATR) are the following: 

TR = 𝑚𝑎𝑥[(ℎ𝑖𝑔ℎ − 𝑙𝑜𝑤), 𝑎𝑏𝑠(ℎ𝑖𝑔ℎ − 𝑐𝑙𝑜𝑠𝑒𝑝𝑟𝑒𝑣), 𝑎𝑏𝑠(𝑙𝑜𝑤 − 𝑐𝑙𝑜𝑠𝑒𝑝𝑟𝑒𝑣)]  

ATR = 
𝐴𝑇𝑅𝑡−1∗(𝑛−1)+𝑇𝑅𝑡

𝑛
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3.2.3.7. Dummies 

Three dummy variables are present in our model. The reasoning behind adding these 

dummies has already been discussed in the previous chapter. The first dummy, the weekend 

effect, was computed by using the IF function in Excel, to add 1 to all Mondays and 0 

otherwise. The second dummy variable, the turn of the year effect, adds 1 to the last week of 

each December and the first week of each January in our entire data set and 0 otherwise. The 

last dummy, abnormal returns, was computed by first determining the standard deviation for 

all the stock returns and then setting a benchmark value of 2.5 standard deviations from that 

value as the thresholds for abnormal returns. Values of stock returns above or below this 

threshold are deemed abnormal and the dummy accounts for this by adding 1 on those days 

and 0 otherwise. 

 

The rationale behind the inclusion of the last dummy is that we wanted to isolate the effect 

of the social variables from those days where there was an abnormal return that is, when 

non-social attention is grabbed by the company for the reason presented by Odean. (i.e 

abnormal returns). In the days where the abnormal return dummy was added such 

anomalous returns could have not passed unnoticed to investors as proved in the article. By 

including this variable we control for the attention studied in the aforementioned paper since 

the author proved that this “economic related” attention has the power to affect investors’ 

buying behavior. 

 

3.3. Data Wrangling and Sub Samples 

According to Datawatch, data wrangling is the “process of cleaning and unifying messy and 

complex datasets” (Datawatch, “What is data Wrangling”, 2014). All the data wrangling 

process was performed in Excel since it allows a great deal of flexibility. 

 

As specified in the introduction, we faced several issues: first, not all the information from 

the companies’ pages were available at the same time and even when this was the case, the 

social activity (when people actually post and comment on the page), started at different 

points in time. What we did was to eliminate these kickoff periods in order to have a full 

dataset where there was some real action going on. For this reason the companies’ datasets 
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are very different among each other: the longest one, Havkatten, has 1458 observations, or 

days, way more than Maersk which has only 964 observations. This means that the former 

has two full years more than the latter. This circumstance, and to a greater extent, the 

reasoned idea of testing the second hypothesis, motivated us to aggregate or split the full 

data sample in many sub samples. By creating more sub samples we are able to see how 

different is the coefficients’ behavior and the model fitness. It could have happened to have 

extremely good results justified by having run the model on the lucky samples. The decision 

to use the Adjusted R-squared specification was previously explained but undoubtedly it 

also facilitated the task of running 191 different regressions. 

 

The second issues generates from the fact that our datasets comprised variables with 

different frequencies: we had to match them in order to create balanced time series. As 

mentioned in the introduction there is discordance between the stock returns and social time 

series: during the weekend, as well as other festivities, there is no market activity whereas 

Facebook pages are highly active. We solved the issue by shifting all the actions that took 

place in such days to the closest working day. It means that, for instance, the amount of 

actions that were performed on Saturday and Sunday were moved and summed to the 

actions that took place on Monday. If there were four comments on Saturday, six on Sunday 

and ten on Monday we shifted and summed everything so that Monday had twenty 

comments, then deleted the weekend to match the time labels. To do so we wrote a function 

with Excel that automatically performed the task for all the companies. We believe that this 

course of action is correct keeping in mind that people’ attention might take a while to be 

directed toward a subject and that, in any case, during non-working days it cannot impact 

the stock market. 

 

When creating the weekly samples the additive property of the logarithmic return proved to 

be useful: with a pivot table we summed the daily returns and all the other variables. We 

ended up with a considerable amount of subsets for each company. There are two full 

datasets for each company, one with daily and one with weekly variables. We then separated 

the data on a yearly basis meaning that there are sub samples that consist of a single year, 

and for each year there is a daily and weekly frequency. The last sub sample consists of 

what we called “spikes” which are just exceptionally active periods on the Facebook fan 
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pages. A more in-depth description of the reasoning behind these processes will be provided 

in the next parts. 

3.3.1. Full Dataset 

The full dataset includes daily synchronized observations of the variables previously 

introduced. The descriptive statistics in the appendix is built upon these samples. The length 

and number of actions change according to the availability of the social variables and the 

kickoff periods deleted. There are two full datasets for each company one with daily and one 

with weekly observations. The “Daily Full” is the original dataset from where we started to 

aggregate or split the observations. 

3.3.2. Yearly Breakdowns 

Both yearly datasets with daily and weekly frequencies are identical to the full datasets with 

the same frequencies when it comes to the variables included. The difference is only the 

number of data points, reduced to a year, which approximates to 252 for daily frequencies 

and 52 for weekly frequencies. Only full years from the original data were included in order 

to maintain consistency. The main reason for the yearly breakdown was for us to investigate 

if there might be other effects or significance in the variables not observable in the full 

dataset regressions. We were interested to find out if sub samples of our main dataset might 

yield better results in terms of statistical significance, coefficient size, and Adj. R-square. 

What justifies our decision to segment the data in such a way is also the exploratory nature 

of the thesis.  

3.3.3. Abnormal Social Activity  

What we have been informally referring to as “spikes”, previously in the thesis, are actually 

abnormal levels in all three social variables (posts, comments, likes). We defined 

“abnormal” by computing the standard deviation for each social variable in turn and with the 

help of a benchmark above which social data would be categorized as abnormal for the day.  

 

The threshold was computed conservatively, as the standard deviation multiplied by 5 

standard deviations (benchmark). Moving on, we then identified the specific dates when 

posts, comments or likes spiked for each company and then looked up on the Facebook 

corporate page newsfeed what events, if any, are responsible for the spikes (Appendix 6.15).  
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Additionally, since the spikes many times clustered around a short time period, which means 

increased social network activity for that period, we decided to run regressions for the spikes 

identified for posts, comments and likes with data points that start somewhere before the 

spike and end somewhere after. Our methodology for determining the exact period 

surrounding the spikes was not very specific or well thought through but that made it less 

rigid and more flexible which is useful in an exploratory study.  

 

Regardless, one rule of thumb we followed is that there are at least 60 observations per 

regression for the results to not be negatively impacted by the lack of sufficient data points. 

Moreover, since there is not much correlation between the spikes in the social data, we 

examined each social data spike individually by only including the social variable in 

question, and excluding all the others, in each regression i.e. a spike in posts lead us to run a 

regression only with posts around that time period. With these sub samples we want to test 

our second hypothesis.  

 

The idea of creating such sub samples was drawn from Odean’s paper. Investors’ buying 

behavior is positively affected by attention grabbing stocks: higher social activity is likely to 

catch more attention and running the model on these abnormally active periods allows us to 

test this hypothesis.  
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3.4. Results 

The descriptive statistics of the social variables for each company can be found in the 

appendices (Appendix 6.1). In the first column it is possible to see the names of the 

companies whereas in the first row there are the following statistics: Total number of Post, 

Comment and Like in the full dataset; number of regressions run per company along with 

the number of times when there was at least one social variable. Average number per day of 

posts, comments, like. Number of days, which is also the number of observations, included 

in the analysis. 

 

The regressions’ results for the social variables are also presented in the form of tables, one 

for each company, with the name of the regressions in the left column and the variables in 

the first row. We do not include the economic variables in the following tables for a matter 

of space, nevertheless they can be found in the same format in the appendix (from 6.2 to 

6.11).  

 

The asterisks identify the different significance levels: one for 10%, two for 5% and three 

for 1%. The empty cells are for those variables that were not included under the Adjusted R-

Squared specification. The number of regressions for each company change according to the 

number of abnormal social events detected (so-called “spikes”) and on the number of 

observations available. For instance a company with very few observations will not have 

more than three full years of data and hence there will be only three sub samples on which 

we run the model. In the appendices (2.12, 2.13, 2.14) it is also possible to see the graphs 

that helped us identify the abnormal social activity whereas in appendix 2.15 there are the 

events that triggered the abnormal amount of social actions.  
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3.4.1. Danske Bank 

 

Fig. 1 – Results table for all regressions performed on Danske Bank’s stock returns  
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Danske Bank is the largest bank in Denmark with a market capitalization of 185.90 DKK 

billion, 8478 employees, and revenues of DKK 43.9 billion as of 2014. The complete dataset 

consists of 1140 data points on which we run 21 regressions. 

 

 Overall it seems that the social variable "post" is the one with more impact on the stock 

returns considering the absolute values of the coefficients and their level of significance. 

𝑃𝑜𝑠𝑡𝑡 in particular is significant in all cases but one at 1% with an impact on the returns of 

at least one basis point (0.01%). With regard to the spikes regression it seems that the social 

effect on the dependent variable is almost nonexistent; for instance, in the Like 3 regression, 

for each like on the page the return drops by less than one basis point even if all the 

coefficients are statistically significant at 0.1% level.  

 

An important consideration is that there is a lot of discordance with respect to the signs of 

the same coefficient (post) in the same regression or in different regressions. It means that 

there is not a one way effect on stock returns: it can be negative or positive, even within the 

same sub sample. With regard to level of variance explained by the model the best value 

achieved is 68% whereas the minimum is 17%. The sub sample on which the model fitted 

better the data is the Weekly 2014 regression where the aggregation is on a weekly basis and 

there are 52 observations. 

 

In this sample the most meaningful variable is like even if the impact on the stock returns is 

not sizeable nor the direction of the effect is clear.
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3.4.2. Havkatten 

 

Fig. 2 – Results table for all regressions performed on Havkatten’s stock returns 
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Havkatten is the third Danish bank in terms of market share with revenues of 8.23 DKK 

billion, 3850 employees, and a market capitalization of 30.33 DKK billion. 

 

 It is the largest dataset analyzed in terms of data points, 1458, and the only one, along with 

Novozymes, that has 22 regressions of which 10 are on a yearly basis, since the dataset goes 

from the 9th of June 2009 to the 7th of April 2015. 

 

 The most important variable is again the “post “even if with less gap compared to the 

Danske case; the maximum change that an increase in one post has on stock returns is 

0.75%. The “like” and “comment” coefficients are very modest in value, especially in the 

Spikes regressions where they never reach a basis point. The sign of the coefficients is not 

univocal: for instance in the sub sample Comm 4 the effect of comments is negative the 

same day they are posted whereas it becomes negative the next. 

 

The regressions' Adjusted R-Squared seems to be smaller than those of the other companies. 
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3.4.3. Maersk 

 

Fig. 3 – Results table for all regressions performed on Maersk’s stock returns 
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Maersk is the world's largest container ship operator with 89000 employees globally, 214.52 

DKK billion of market capitalization and revenues of 332.5 DKK billion as of 2014.  

 

It is the company with less data points and sub samples but at the same it is the second most 

active company on Facebook after Pandora in terms of number of actions performed on the 

page. The significance and magnitude of the post coefficients is higher than the other two 

variables. The like action has very little economic importance since almost all the 

coefficients have a value close to the fifth decimal point.  

 

There is more similarity among the coefficients' signs with a positive effect overall. This 

might explain the noticeably high values of the Adj R-Squared for the 2013-2014 yearly 

regressions (weekly data) at 59.4% and 72.4% respectively. Along with a fairly high Adj R-

Squared the coefficients for the Weekly 2013 regressions are all significant with quite high 

values that range from -0.00311 to 0.00356 for 𝑃𝑜𝑠𝑡𝑡−1 and 𝑃𝑜𝑠𝑡𝑡  respectively. It is worth 

noticing that the two coefficients have opposite value which is of difficult interpretation 

from an economic point of view.
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3.4.4. Nordea 

 

Fig. 4 – Results table for all regressions performed on Nordea’s stock returns
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Nordea is a financial services group operating mainly in Scandinavia. It has 29397 

employees, a market capitalization of 383.55 billion DKK and revenues of 68.93 billion. It 

is the company, along with Maersk, with less data points (966) and regressions (17). Only 

three full years of social variables are available and there is only one abnormal event for the 

comment.  

 

There are as many post variables as like variables but the latter have a negligible effect on 

the stock returns.  There is again discrepancy among the signs meaning that a clear effect 

cannot be identified.  The adjusted R-Squares of the regressions are lower than the ones for 

Danske Bank but are higher than Havkatten. Still, the level never falls below 20% meaning 

that the model is still capable of explaining part of the stock returns.   

 

Regression Weekly 2013 exhibits abnormally high values of the coefficients: translated in 

numbers it would mean that one more post placed on the fan page at time t would have 

decreased the return by 6817%. It is clearly not possible. In this regression there was 

positive auto-correlation as detected by the Durbin-Watson test which led the OLS to 

overestimate the effect of the post coefficients. 
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3.4.5. Novo Nordisk 

 

Fig. 5 – Results table for all regressions performed on Novo Nordisk’s stock returns
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Novo Nordisk is a pharmaceutical company which focuses on the diabetic treatment 

segment. It has a market capitalization of 795 DKK billion, 38436 employees globally and 

revenues of 83.57 DKK billion. There are 18 sub samples and 973 data points.  

 

The variable Like, especially the term with a three day lag, has considerable impact on the 

stock price whereas the explanatory power of the Comments is very poor except for Weekly 

2013 regression. The most important variable in the spikes regressions is the Post even if 

there are high levels of significance of the Like variable in both regressions Like 1 and Like 

2. The signs are contrasting but there is homogeneity among the same variable. For Instance 

the coefficients 𝐿𝑖𝑘𝑒𝑡−3  are all positive and significant whereas 𝐿𝑖𝑘𝑒𝑡−1  are all negative.  

 

Is seems that the high values of Adj R-Squared in the spikes regression are not due to social 

effect because there are very few significant variables with low coefficients. 
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3.4.6. Novozymes 

 

Fig. 6 – Results table for all regressions performed on Novozymes’s stock returns 
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Novozymes is a biotechnology company with a market capitalization of 602.7 DKK billion, 

6454 employees globally and revenues of 12.46 DKK billion as of 2014. The full dataset is 

from the 19th of August 2009 to the 7th of April 2015 for a total of 1408 data points. Given 

the long time frame, it is the company, along with Havkatten, with more subsets (and 

consequently regressions) of our sample.  

 

The variable Post is the one with more impact but also the coefficients of Comment are 

fairly high; Like on the contrary has lower values. Comment has higher values compared to, 

for instance, Danske Bank. The adjusted R-Squared measures are fairly low with a 

maximum of 51% and a minimum of 19%.  In the Weekly 2010 regression the coefficient 

has an opposing effect at alternate days, negative at time t, positive at time t-1 and so on. 

The coefficients behave in this way also in regression Weekly 2011 and Comm 3. 
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3.4.7. Pandora 

 

Fig. 7 – Results table for all regressions performed on Pandora’s stock returns 
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Pandora is an international jewelry manufacturer and retailer with 1500 employees and 

revenues of 11.94 DKK billion. The full dataset starts from the 12th of October 2010 and it 

ends the 27th of April 2015, for a total of 1133 data points and 19 sub-samples.  

 

Even if it is the most active company on Facebook, this does not translate into higher values 

of the regressions' coefficients. The like variables have a very low effect on the stock 

returns. Comments and Posts have a more sizeable impact on the dependent variable but not 

higher than the other companies. There is one surprising result in the Weekly 2011 subset: 

for one post on the page there would have been a drop in the stock return of almost 200%. 

This though is probably due to the touched failure of Pandora in that year and for this reason 

it should be looked at with caution.  

 

The high value of the Adj R-Squared for this regression seems to confirm the overall 

importance of the social variables even if it is an isolated case. The spikes regressions have 

coefficients with fairly low levels except for regression Comm 4 where one more comment 

would have caused an increase of 69% in the stock return.
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3.4.8. TDC 

 

Fig. 8 – Results table for all regressions performed on TDC’s stock returns 
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TDC is the largest telecommunication company in Denmark with 8594 employees and a market 

capitalization of 29.92 DKK billion. The full dataset is from the 11th of May 2010 to the 13th of 

April 2015 and has 1230 data points that we divide in 17 sub samples.  

 

The like variable, even if very low in value, seems to have a good explanatory power overall. 

Nonetheless, the Adj R-Squared are very low for all the regressions but one (Weekly 2014), where 

the high value was probably reached thanks to the importance of the economic variables. There 

seem to be though, less variability among the variables in terms of the effect’s direction. For 

instance the contemporaneous variable like is always positive in all the sub samples whereas 

𝑃𝑜𝑠𝑡𝑡−3  is always negative.  

 

The exception is regression Weekly 2011 where there is the same alternating behavior as described 

for Novozymes. The like coefficients are all significant at the 1% level and have opposite signs at 

alternate days. 
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3.4.9. Tryg 

 

Fig. 9 – Results table for all regressions performed on Tryg’s stock returns 
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Tryg is an insurance company operating in Scandinavia with a market capitalization of 

38.22 DKK billion, revenues of 18.44 DKK billion and 3600 employees. The full dataset is 

from the 26th of August 2012 to the 1st of April 2015 with 1151 data points in total. It is 

possible to notice good levels of Adj R-Squared even if, in the case of the highest one in 

Comm 2, this is mainly due to the economic variables given the lack of social ones.  

 

The Post variable has a fairly high impact on the stock returns whereas Comments and Likes 

are less important. Nonetheless three quarters of the coefficients are significant at least at the 

10% level indicating that the social effect is likely to be meaningful. The variable 𝑃𝑜𝑠𝑡𝑡−1 is 

the one that impacts more the stock returns with changes of up to 0.02%. 
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3.4.10. Vestas 

 

Fig. 10 – Results table for all regressions performed on Vestas’s stock returns 
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Vestas is the world leader manufacturer and installer of wind-turbines. It has a market 

capitalization of DKK 97.14 billion and 17900 employees. The full dataset starts from the 

7th of October 2010 and ends on the 9th of April 2015 for a total of 1124 data points. The 

social coefficients of the full and yearly samples have a fairly high effect on stock price 

whereas they are very low in the spike regressions.  

 

The “post” variable is again the most meaningful one capable of changing the returns by ten 

basis points.  It is worth noticing that all the contemporaneous “likes” have a positive effect 

on the dependent variable. There seem to be overall less variability in the impact's direction 

induced by the social variables.
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4. Discussion of Findings 

With having presented our methodology and model in the previous chapters, as well as the 

results of our analysis, going further we will draw from our investigation in the matter and 

discuss the implications of the results and main takeaways. 

 

In a nutshell, our model with all its different specifications (full data, yearly breakdown, and 

spikes) was used to run 191 total OLS linear regressions of which 187 had at least one social 

variable present and 154 had a significant social variable present (at 10%, 5% or 1%). These 

regressions included our social variables (incl. lagged values) 529 times and in 68% (360 

times) of those cases there was at least one social variable significant at 10%. Additionally, 

if we aggregate for all companies we can state that daily, on average, there are approx. 1.6 

posts, 31 comments, and 689 likes in our dataset after the extensive wrangling process. 

(Appendix. 7.1) 

The foregoing statistics serve to give the reader a sense of the breadth of the study but also a 

point of departure for the discussion that follows which is centered around coefficient 

interpretation on a regression level and what this implies in connection with our hypotheses.  

 

Full Dataset – Daily 

This social variables show both explanatory and predictive properties in some of the daily 

and weekly full dataset regressions. Among these, the best regression at explaining the 

variance in the dependent variable, as measured by the Adjusted R-square (45.08%), was 

performed on the Novo Nordisk social dataset. The three day lagged post coefficient 

(0.00027), although very small, is positive and significant at 10% (p=0.0662). The 

interpretation is that a unit change in posts three days prior determines a 0.027% change in 

the daily Novo Nordisk stock return. The coefficient (0.00001) for the social variable “like” 

and the coefficient (-0.00001) for the “like” lagged one day, both significant at 10% 

(p=0.0828, p=0.0506), show conflicting effects suggesting a reversal effect on the stock 

return with the lagged variable determining a negative effect, while the contemporaneous 

variable cancels it out.  
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When it comes to control variables, the coefficients (1.01086, -0.07825) for the OMX index 

and the lagged one day OMX index are highly significant (p=0.0001, p=0.0426) and large 

compared to all the other social variables. This is to be expected, and is consistent across 

most regressions since all the companies are part of the OMXC20. The interpretation for the 

OMX index coefficients is that a 100% change in the contemporaneous OMX index 

determines a 101.08% change in the stock return and a -7.82% change from the OMX value 

of the previous day, respectively. This suggests this particular stock is more volatile than the 

index of which it is part of. Conversely, the explanatory variables in the Pandora social 

dataset regression explain very little variance in stock returns (Adj. R-square=12.06%) with 

the “comment” coefficient (-0.00001) having a negative effect and being significant at 10% 

(p=0.0777). 

 

One thing to note is that all full data regressions have minimum one significant social 

variable and maximum four. Other than that, the effects suggested by the coefficients 

diverge by company and no relevant pattern can be established. Also, no consistency as to 

when contemporaneous or lagged social variables are significant and so this suggests 

company and dataset dependency. With this being said, under conditions of normal social 

activity, which translates into normal attention levels, and for these extensive time periods it 

cannot be stated that there is a net stock buying pattern. For this to be the case, the 

coefficients for our social variables, especially “comment” and “like” should have been 

indicating a positive effect on the stock return. This is because an increase in the stock 

return, according to the rules of supply and demand, is fueled by investors behaving more 

bullish rather than bearish on that particular day.  

 

Full Dataset - Weekly 

Just a quick glance at the weekly dataset regressions and one can identify significantly 

higher Adjusted R-square values. Indeed, this time frame yielded a better fit for the model. 

The Vestas social dataset regression is most representative (Adj. R-square=68.16%) with the 

coefficient (0.00219) for the social variable “post” being significant at 5% (p=0.0414) and 

also a unit change having a more substantial effect (0.219%) on the stock return. This is 

consistent, especially for the “post” variable across these regressions, and makes sense since 

the data points are aggregated on a weekly basis and so the effects are amplified. The 
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regressions on the Pandora and Novo Nordisk datasets also exhibit significantly better 

model fit (Adj R-square=59.3%, 66.69% respectively). All regressions contain at least a 

contemporaneous social variable, a lagged one, or both, which are significant. Further 

examination of when or why certain social variables are present in some cases and not in 

others, is, although interesting, outside the scope of this paper and not possible at this stage 

due to the circumstantial nature of the results. Again, although the social variables are 

present and significant in many instances in these weekly regressions the coefficient signs 

are not pointing towards normal attention levels triggering net buying patterns, with many 

negative coefficients for all three social variables. Besides the regression for Nordea, all the 

other ones have at least one social variable with a negative coefficient suggesting a positive 

correlation between the type of attention and coefficient sign rather than a straightforward 

investor buying trend.  

 

Yearly Breakdown – Daily 

For all the companies concerned, the breakdown of the daily full data set and the subsequent 

yearly regressions have a better fit in certain years. A case in point is Tryg for which the 

Adj. R-Square increased from 23.89% to 80.2% for the 2013 dataset regression. Also, the 

coefficient (0.00107) for “post” lagged one day is significant at 1% (p=0.0016) and a unit 

change in the variable has a higher impact (0.107%) on the stock return. Nevertheless, there 

is significant variance in model fit at a company level depending on the year of analysis. For 

example, for the same company, Tryg, for the 2012 dataset, the regression has an Adj. R-

square of only 13.87% which leads us to believe that the level of activity across the year on 

their corporate Facebook page, which is directly reflected in our variables, has a lot to do 

with the discrepancies which can be detected.  

This insight is valid for all the yearly regressions both daily and weekly and cases such as 

this one can be observed for the data of all the companies analyzed. Apart from that, 

similarly to the previous cases, all regressions, with the exception of three (two for Maersk, 

one for Havkatten) contain at least one significant social variable, contemporaneous or 

lagged.  
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Moreover, breaking down the data on a yearly basis does not seem to be helping our cause 

for establishing a net buying behavior for investors under normal attention levels. 

Coefficients continue to be positive or negative in a random manner at this point, and, as 

already mentioned, highly significant and large in size in some instances. 

 

Yearly Breakdown – Weekly 

An interesting case in the yearly regressions performed on a weekly basis is the regression 

undertaken for the 2011 Pandora dataset. First, some background information. In the spring 

of 2011 the Pandora stock started to fall quite steep from a share adj. closing price of 

290.83kr (January 3, 2011) to 46.74kr (December 30, 2011) with a minimum of 31.9kr 

(September 23, 2011) and only reversed substantially from early 2012 onwards (Yahoo! 

Finance, Historical Prices). 

 

Our regression for this time frame has a good fit (Adj. R-square 85.09%) and the coefficient 

(-1.95906) for “post” is negative, significant at 1% (p<0.001), and very large and thus a one 

unit change in post translated into a massive change (-195%) in the stock return for the 

week. This is supported by the social variable “comment” which also has a significant 

(p=0.0783) negative coefficient (-0.00311) but admittedly considerably smaller with little 

change (-0.311%) to the stock return. Minor reversal (0.714%) is suggested by a unit change 

in posts made in the previous week with a significant (p=0.0003) coefficient for this social 

variable of 0.00714.  

 

What this regression suggests, which is counter intuitive, to say the least, is that Pandora in 

2011 would have been better off by not posting on its Facebook corporate page since posts 

had a negative effect on the stock return. What makes this regression seem to fit so well to 

what was happening to Pandora’s stock in 2011 is also evidenced by the size of the other 

coefficients for “post” in the regressions that concern the company.  

 

Conversely, the reversal and significant growth in the stock price in the subsequent years is 

also captured in the regressions for 2012 and 2014 both with positive and large coefficients 

(1.70223, 0.49586) for “posts”, with the former being significant (p=0.0822) at 10% while 
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the latter is statistically insignificant (p=0.5131). Again, why this reversal is not captured by 

our model is not very clear.  

 

A possible explanation could be the smooth increase in the stock price over three years 

(2012-2014) while the decline was quite sudden, by comparison. Furthermore, we do not 

attempt here to prove causality and thus the foregoing insight should be taken with a grain of 

salt, since there are many other factors that can affect the stock return of a company that are 

not present in our model, but there does seem to be a correlation here, between the Facebook 

social variables and the behavior of Pandora’s stock price. Specifically, based on this case 

alone, the coefficients seem to respond to the nature of attention and not merely trigger a 

positive effect on the stock return which would translate into net buying behavior for 

investors. On the contrary, they indicate massive selling in dire times and swift buying 

patterns when the price was still low but the stock started recovering. 

 

All the remaining regressions contain at least one social variable with a significant 

coefficient and present similar characteristics to the ones mentioned above. The significance 

of the coefficients continues to be circumstantial at this point, and an obvious pattern that 

can shed some light into the matter continues to elude us. Additionally, the OMX index 

return control variable and the lagged values continue to be predominantly highly significant 

at 1%. 

 

Before we continue with the last regressions on datasets constructed around the observable 

abnormal activities in the social data, a quick recap of what we know so far is required.  

We know that in many of the regressions the social variables are statistically significant at 

10%, 5% or 1%. We know that some regressions have a good fit as measured by the Adj. R-

square and can explain the variance in the stock returns even to an extent of 80-90% in some 

rare cases, others lag behind with very low Adj. R-squares of 10 – 20%, and most lie 

between 30-60%.  

 

Also, we know that differences in the number of regressions with a significant coefficient 

for the social variables depend to a certain extent on the company. To go a step further, the 

minimum is 11 (65%) regressions (out of 17) for TDC and the maximum is 20 (91%) 



70 
 

regressions (out of 22) for Novozymes. This can be explained by what was already 

mentioned, the activity level on the Facebook corporate pages. 

 

Moreover, the activity can be clustered or diffused over the entire time period of analysis 

depending on a number of factors; the industry in which the company operates and the 

company policy regarding social media can both be considered root causes for these 

divergences.  

Additionally, we know that in terms of significance there is not much difference between the 

three social variables in our regressions. The social variable “post” is statistically significant 

122 times, “like” is significant in 123 of the cases, and “comment” in 110 instances. Thus, 

the small difference in the cases of significance between the three does not allow us to 

conclude that one of them has more explanatory power than the others. Our results have 

shown statistical significance and we have argued that this is circumstantial. Also, no clear 

positive effect of attention under normal conditions can be identified due to the lack of 

convergence in coefficient signs which would be a prerequisite for it to be true.  

 

What also needs to be mentioned is the economic vs. statistical significance of our 

coefficients. Proponents will agree and understand the academic benefits of this study but 

opponents will have doubts and question the economic significance of our data. They will 

argue that although statistically significant and even if the assumptions and model are sound, 

because of the small size of the coefficients, the effects on the stock returns will be 

negligible at best and thus economically insignificant.  

 

To attempt a better understanding of our results so far and also try and mitigate some of the 

issues observed such as the incidental nature of when coefficients for the social variables are 

significant or present in our regressions we decided to further dissect the data and run 

regressions only for the time periods with high activity and thus attention (abnormal) on the 

Facebook corporate pages. This will ensure a concentration of data for that period but also 

will possibly allow us further insight into what events trigger the significance and sign of 

our social variables since they can easily be traced back on the Facebook news feed. 
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Thus we will attempt to find out if there is a pattern or trend in the type of events, and thus 

activity on Facebook across all ten companies analyzed, that is captured in the social 

variable coefficients.  

 

Furthermore, whether attention under abnormal activity, and thus for all these events, leads 

to net buying of the stock or is event driven and thus its effect on the stock price will depend 

on the event will also be addressed. The coefficient sign will relay this through the effect it 

has on the stock return for the day which will then reveal if the stock was primarily bought 

or sold.   

  

Spike Regressions 

As made clear in the data wrangling part the method used to identify the spikes is, to say the 

least, unorthodox. The length of the time window used is somehow subjective even if at 

least one abnormal social event was always present as well as a minimum of 60 

observations. One could still argue that the identification of such an abnormal event is again 

rather biased: there is not indeed a precise criterion if not the evidence that five standard 

deviations instead of the usual three seemed more appropriate because of the fatter tails of 

the social actions’ distributions. The rationale to include these sub-samples follows Odean’s 

hypothesis that people’s attention is caught by abnormal events. Linked to these events there 

are different companies. We argue that the event itself does not need to have an economic 

nature since what matters is for people, and not necessarily Facebook users considering the 

concept of emotional contagion, to be around others whose attention was caught by such 

anomalies.  

In the periods around the “spikes” a lot of attention is likely to be caught by the activity on 

the fan page and for this reason we should expect a positive effect on stock return. The 

positive impact of the coefficients is ascribable to market dynamics: if the demand for a 

certain asset increases we expect the price of such an asset to increase as well. The vehicle 

that increases the demand is similar to the attention that Odean proved to influence market 

actors’ behavior. Similar because in this case we limit ourselves to the social attention: it is 

possible though, that in the highly integrated information system we live in, news and other 

relevant events are also posted on Facebook. If it is the latter case, it would mean that we are 
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quantifying the effect that an economic event has on investment decisions and we are doing 

something similar to an extended event-study. 

 

Before continuing it is important to remember that when the event concerned one of the 

actions, the other two were not included in the regression. For instance in the results table 

there are no coefficients under post or comment if the regression is  like 1, 2 or 3, because 

the abnormal event was in the like variable. We made this choice because we assumed that 

what catches attention is the abnormal amount of the specific action. This is probably what 

hindered more our results in the spikes regressions as we will soon explain. 

 

To start with, it seems that the overall effect of the social variables on the stock returns is 

smaller in value in the spikes regressions compared to the others: the only regressions in 

which a social variable was not included, because not relevant to increase the Adjusted R-

Squared (4 in total), are among the Spikes sub samples. Similarly to the other regression 

though, the signs of the coefficients are often negative. We believe that this is due to at least 

three different reasons: first, the time frames analyzed might be too short (60 observations) 

for the model to catch any relationship. This is the econometric related explanation for lower 

coefficients.  

 

Secondly, as introduced in the former paragraph, it can be that in such periods the high 

activity is actually triggered by more meaningful, business related, events. For instance, if 

Vestas announces that one hundred wind turbines have just been commissioned by the 

Danish government (or any other government for what matters), this will affect the behavior 

of both rational and non-rational investors since this clearly has an economic weight. How 

influencing, and different from a financially justified attention, is the social attention created 

by such event? If what changes investors’ behavior is only the attention triggered by 

financial events it means that the social attention hypothesis is not valid and is just a mirror 

of the other. The sign and weight of the coefficients might be, nonetheless, informative of 

how much a certain business related event influenced the stock price. The Facebook fan 

page would carry out the function of a meeting point for sharing thoughts and ideas about 

financially meaningful events and it tells us the direction and how powerful the effect of that 

event is. If, on the contrary, the two effects are different and the coefficients of the social 
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variables are positive and significant, it means that the activity on the Facebook fan page can 

influence positively the stock returns since it triggers buying behaviors from irrational 

investors. The last point is fundamental since if the coefficients are not positive it means that 

we are probably catching what was explained above, that is, the direction and size of an 

economic effect and not the attention’s one. 

 

The last reason for lower and conflicting coefficients could be that, by not including the 

other social variables we are not covering the overall effect created by social activity. This is 

a sound explanation for one important reason: the like and comment actions are strictly 

connected to posts. In fact one can only comment on a post, and can only put a like on a post 

or a comment. This means that the post variable is very influencing and connected to the 

other two variables in the same manner as like is strongly associated to comment. It would 

mean that all the three variables are, following the idea of measuring social attention, 

important, but it is only on a post that one can perform the other two.  

 

To close on the subject, since the coefficients are smaller in values and are not all positive in 

the same regression, the sounding explanation is that there is no social attention that is 

capable of influencing positively the stock returns. The last point presented above is also 

valuable but to eliminate the uncertainty we should run new regressions and include all the 

social variables.  

 

To understand if we are actually able to quantify the intensity and direction of a given event 

we are going to present three Spike regressions for which we identified the event of interest. 

 

The first regression is Post 3 on the respective Danske Bank sub sample. In this regression 

the coefficients of 𝑃𝑜𝑠𝑡𝑡 , 𝑃𝑜𝑠𝑡𝑡−2 , 𝑃𝑜𝑠𝑡𝑡−3  are -0.00011, -0.00015, 0.00013. First of all it is 

noticeable that only one of the three coefficients has a positive sign. In this case the 

hypothesis that social activity triggers buying behaviors which in turn increase the stock 

returns does not hold because for each new post the effect on the stock return is negative. 

What about the actual event that triggered social activity? In this case we included two 

abnormal events (Appendix 7.12)  in the same regression which are the decision of Danske 

to remove pictures from its anti-Occupy Wall Street campaign (28/11/12) and shortly after, 
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the announcement of a new customer service program whose price for the customer was 

fairly high (20/01/13). It is clear in this case that the increased social attention toward 

Danske did not lead to higher stock returns. It seems on the contrary, and as highlighted by 

the negative coefficients, that more activity and the connected attention has a negative 

impact on stock returns.  

 

This implicitly means that, in line with a rational behavior, the effect on the stock return 

does not simply depend on how much attention is directed toward something but if this 

attention is positive or negative. This goes against the attention effect as we hypothesized it. 

Nonetheless, we could say that the activity on Facebook is able to quantify the effect of 

news or announcements on the stock returns meaning that it explains how much positively 

or negatively it impacts this measure. The sign and magnitude of the coefficients depend on 

what is hitting the company. The last positive coefficient could mean that there is a reversal 

to the fundamental value once the information implied in the event is correctly interpreted 

by the market actors. 

 

The second interesting spike regression is Comm 1 from Maersk. The regression coefficients 

𝐶𝑜𝑚𝑚𝑡 , 𝐶𝑜𝑚𝑚𝑡−2 , 𝐶𝑜𝑚𝑚𝑡−3  are all positive and only the second is not significant at a 5% 

level. The events (Appendix 7.13) that triggered an abnormally high number of comments is 

a post by Maersk in which they make New Years’ wishes (31/12/12) and a picture with an 

offshore drill at sunset (13/12/12). It would obviously be rather unusual for stock returns to 

be influenced by such events. Nonetheless, the effect on the next trading days is positive and 

significant considering that we also controlled for the “end of the year” effect. The message 

has arguably a positive connotation but not a financial one. It could mean that the attention 

caused by abnormal social activity affects investors’ buying behavior. It is obviously an 

extreme statement but it justifies in part the sign and significance of the coefficients. In this 

case the social attention has a positive effect on the stock returns and what we hypothesized 

is true. 

 

The last spike regression there we are going to comment on is Like 1 from Novo Nordisk. 

There are two distinct events (Appendix 7.14) that triggered the abnormal activity: the first 

is Novo Nordisk explaining on the fan page its commitment to not let political disputes 
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between Israel and Palestine stand in the middle of its fight against diabetes in the region 

(07/10/14). The second is the story of a Novo employee working in Baghdad (13/10/14).The 

first post might have a financial connote if we interpret it as Novo Nordisk’s way of saying 

that they will not stop doing business in the region. This is likely not how they would say 

this but assume it is true: we expect positive coefficients whereas 𝐿𝑖𝑘𝑒𝑡−1  and 𝐿𝑖𝑘𝑒𝑡−2  are 

negative and have a magnitude of -0.00001 and -0.00001 (significant at 1% level). The 

abnormal activity is triggered by arguably positive events but the variables as we use them, 

i.e. amount of actions, do not catch the positive connote of the events. Additionally the 

coefficients are negative indicating that the attention hypothesis is once again not consistent 

with higher stock returns since we should see positive coefficients. 

 

To conclude, the part on the abnormally active social period, it seems that, in the same way 

as in the normal samples, higher social activity and the related attention is not capable of 

changing consistently the behavior of market actors. Almost all the coefficients in the same 

regression have different signs meaning that the expected positive effect of attention is not 

to be found. Nonetheless, in all regressions, but four, the social variables are capable of 

explaining part of the variance in the dependent variable. The reason for this could be that, 

associated with higher or lower levels of social activity there are other, economically 

meaningful, events, which the amount of actions on the Facebook corporate fan page 

indirectly express and our model can quantify. 
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5. Conclusion 
 

This thesis set out to identify if the social variables from Facebook corporate pages can be 

used to explain the volatility in stock returns of ten from the twenty corporations that make 

up the OMXC20 index under normal attention conditions. Also, it took the activity on 

Facebook which is captured in the social variables (posts, comments, likes) as proxy for 

inventor attention and attempted to establish a net buying effect of said attention, as 

documented in previous research, on ten stocks under normal and abnormal scenarios.  

After an extensive exploratory analysis, which concluded with 191 regressions performed 

with our multiple distributed lag model on different time periods and with daily and weekly 

frequencies, the questions were answered and a number of key points were discussed.  

First, in most regressions at least one social variable was present, under the model 

specification for maximizing the Adjusted R-square, and so that proves they can explain 

some part of the variability in the dependent variable, the stock returns. What further 

substantiates this is that at least one coefficient of the social variables was statistically 

significant at 1%, 5% or 10% in the majority of regressions and the maximized R-square 

was typically between 30% - 60%, with rare occasions where values either skyrocketed to 

80-90% or plummeted to 10% or lower. The fit of the model was generally better with 

shorter time spans as compared to the original datasets, which suggests further research 

should concentrate on shorter time horizons. With that being said, the major drawback is 

that social variable coefficient significance and model fit seem to be highly circumstantial 

which questions the robustness of our model. Also, aside from that, cynics might also 

question the economic significance of our coefficients which are small in size and so 

question the relevance of the study for practitioners and other economic actors outside 

academia.  

Second, there is no evidence in our datasets, under normal attention conditions, and thus 

normal activity on Facebook corporate pages, that investors are net buyers of stocks 

regardless of the type of attention, as previous research found (T. Odean, 2008). This 

conclusion was reached by identifying the sign of the coefficients for the social variables in 

each regression and assessing the effect on the stock return. The stock return is judged to be 

a lagging indicator of market activity, and thus positive if the stock was net bought. Since 
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most regressions contained at least one negative social variable coefficient it could not be 

proven that investors behave irrationally and activity under normal conditions triggers the 

stock to be net bought.  

Finally, under abnormal attention conditions, identified with our abnormal events 

regressions, again there was no substantial evidence which could have lead us to conclude 

that investors are net buyers of stocks. On the contrary, the signs of the coefficients for the 

social variables point to the investors behaving rationally in that negative events trigger net 

selling of stocks, and positive events, net buying. This is distinguishable in our model 

because we believe it separates economically meaningful events and thus attention for which 

the social variables have highly significant coefficients, from other social events which are 

not captured by the model. 

Moreover, if we consider the behavioral finance concepts presented this paper, it can be 

stated that our model suggests investors behave rationally and adapt trading strategies to 

event characteristics (negative or positive) and do not behave irrationally by acting as net 

buyers regardless of attention stirring event in question.  

6. Future research 
 

If we consider the data we had access to, it can be stated that we chose to focus only on one 

aspect and address certain hypotheses. Needless to say, considerably more can be done with 

this type of data and various other aspects of how social media interacts with the stock 

market can be explored. Until now, academics have focused on justifying the value of 

tracking sentiment and volume changes. In the past year the focus has changed to 

concentrate on application of social data in stock markets. A recent study (Jianfeng, 2013) 

had, as a starting point, a topic based approach to use social data analytics to predict stock 

market movements. Once the topics were derived, the study demonstrated how the sentiment 

on these topics was able to predict market changes. Additionally, a paper from 2012 (Zhang 

et al) focused on Twitter activity and employed a sentiment analysis of three states: hope, 

fear, and worry. The study determined that the correlation between the sentiment and the 

next day price changes was strong and significant.  
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The conclusion is clear. There is a market for social data analytics and its effects on the 

stock market. In the early stages, hedge funds and high frequency traders (HFTs) showed 

interest and commitment in the field. Nowadays the interest is expanding to investor 

relations and sell-side research. The future involves more areas of finance getting involved 

in social data analytics and sentiment analysis. Growth in this market seems to be shaped as 

an S-Curve (Fig. 11) by users generating more data and that data driving forward additional 

analytics. The current trend suggests that a growing number of financial professionals will 

start to implement strategies that, at least to some extent, take into account social data 

analytics in their search for alpha and focus on sentiment analysis for that data will be 

crucial. 

To conclude, this is a rapidly growing field that requires further academic attention to better 

understand the impact of social data analytics on stock markets.  

Fig. 11 – Social Media Data Analytics S-Curve (GNIP, Whitepaper, 2014)  
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7. Appendices 

In appendix 6.1 it is possible to consult the descriptive statistics whereas from 6.2 to 6.11 

there are the results for the control variables included in the regressions. In 6.12-13-14 the 

sample graphs used to individuate the abnormal events in the social variables are presented. 

By looking at the spikes and then back at the ordered dates in the excel file for the precise 

day, we selected the time periods for the abnormal social activity sub-samples. We then 

scrolled down in the corporate fan page newsfeed until we identified the event. In appendix 

6.15 there are the events as they were posted on the fan page. 

 

7.1. Descriptive Statistics 
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7.2.  Danske Bank  

 

 

  

 

7.3. Havkatten 

 

7.4. 
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7.4. Maersk 

 

 

7.5. Nordea 
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7.6. Novo Nordisk 

 

 

7.7. Novozymes 
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7.8. Pandora 

 

 

7.9. TDC 
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7.10. Tryg 

 

 

7.11. Vestas 
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7.12. Abnormal activity in Posts – Danske Bank 
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7.13. Abnormal activity in Comments – Maersk  
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7.14. Abnormal activity in Likes – Novo Nordisk
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7.15. Events that triggered the abnormal social activity 

 

Danske Bank 

 

Posts (4) 

 

16/02/11 – Moody’s downgrades Danske Bank’s senior ratings following reduction of 

systemic support – Post 1  

 

30/12/11 – Transfer delays between other Danish banks and Danske Bank accounts (i.e. 

pension payments) – Post 2 

 

28/11/12 – Danske Bank decided to remove pictures associated with the “Occupy Wall 

Street” movement from one of its promotion campaigns due to heavy criticism from the 

public. – Post 3 

 

20/01/13&21/01/13 – Post regarding the new customer program and the speculation 

concerning the new prices – Post 3 

 

27/02/15 – Post reporting issues with Danske Bank internet and mobile banking apps plus 

the Mobile Pay app. The issues were resolved later that day.  – Post 4 

 

31/03/15 – Post reporting issues with Danske Bank internet and mobile banking which were 

solved later that afternoon. – Post 4 

 

Comments (4) 

 

30/12/11 – Comments concerning the domestic bank transfer delays. – Comment 1 
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27/11/12 – Comments concerning the new Danske Bank internet banking layout/redesign.  

– Comment 2 

 

11/12/12 – Negative comments regarding the previous Danske Bank “Occupy Wall Street” 

campaign. – Comment 2 

 

19/01/13 – 21/01/13 – Comments related to the new student customer program and the 

benefits offered (i.e. credit cards, interest rates, commissions, etc.).  – Comment 2 

14/03/14 - Comments posted as responses to a post asking people how often they carry cash 

with them - Comment 3  

 

17/02/15 – 18/02/15 – Comments related to a Danske Bank Facebook competition to win 3 

tickets to a football summer school for kids. – Comment 4 

  

Likes (3) 

 

20/11/12 – Likes for the Danske Bank “New Normal” promotional campaign. – Like 1 

 

26/11/12 – Added the option of adding business bank accounts alongside your private 

accounts in one main account, also accessible through mobile or Internet banking. – Like 1 

 

06/05/13 – Likes for a post annoucing the official launch of the first app in Denmark, called 

MobilePay, designed to send money via a phone number. - Like 2 

 

11/03/15 – Likes for a post announcing that from this day it is possible to pay via 

MobilePay in some supermarkets in Denmark and the option will extend and become 

available in all supermarkets by the end of 2015. – Like 3 

 

 

Havkatten 

 

Posts (5) 
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01/03/2010 – Post where it was asked if a study calendar is still in fashion or not – Post 1 

 

22/06/2011 – Post announcing that Havkatten (Jyske Bank) is looking for testers for its new 

mobile/online app. – Post 2 

 

23/10/2012 – The question of whether football or broccoli is better was asked in connection 

to a Jyske Bank football game event for kids – Post 3 

 

27/03/2013 – Two posts mark this day; in one Jyske Bank published a derogative complaint 

made by a bank client and in a different one they ask if people discuss their bank in terms 

of prices, services, advice with their friends. – Post 4 

 

05/11/2013 – Post responding to a media crisis in which a DR documentary about tax safe 

havens in Switzerland in which a reporter with a hidden camera exposed a Jyske Bank 

meeting. – Post 5 

 

Comments (4) 

 

26/03/2012 – Comments for another posts concerning a contest for which the prize consists 

of two iPads. – Comment 1 

 

14/10/2012 – Comments for a post regarding a major update for the Jyske Bank netbanking 

app. – Comment 2 

 

02/05/2014 – Comments for a post promoting a contest, with a prize of 3000kr, in which 

the public is asked to come up with a message for a Swipp (mobile money transfer app) 

coffee cup by commenting on the post. – Comment 3 

 

21/05/2014 – Comments made in connection to a post announcing that Jyske Bank 

customers can purchase tickets to an upcoming Pharell concert ahead of everyone else. – 

Comment 3 
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04/12/2014 – Comments in connection with a post announcing a Christmas contest in 

which various prizes can be win by posting comments detailing what and why you would 

want a certain prize. – Comment 4 

26/01/2015 – Comments for yet another post announcing a contest where users can win 

tickets for a Kathy Perry concert and a meet and greet with the artist at the Jyske Bank 

concert hall by commenting how winning would make them feel. – Comment 4 

 

10/02/2015 – Another post fueling a high number of comments in order to win two tickets 

to a Queen + Adam Lambert concert at the Jyske Bank concert hall – Comment 4 

 

Likes (1) 

 

16/08/2012 – Likes for a post announcing a little contest with a prize of 1000kr meant to 

buy a “little luxury” for the lucky winner. – Like 1 

 

20/08/2012 – Many likes for a post that promotes a humanitarian campaign for an 

organization supporting children with leukemia in which Jyske Bank donates 1kr for each 

like the post gets. – Like 1 

  

28/08/2012 – Likes for a second post reinforcing the humanitarian campaign where once 

more likes count as Danish Crowns with a parity exchange. – Like 1 

 

Maersk 

 

Posts (3) 

 

05/12/2011 – Infographic placing the size of the new Triple E Maersk vessel in perspective 

by comparing it to different wide/known landmarks e.g. Eiffel Tour, Pyramids, etc. – Post 1 

 

12/12/2011 – Description of newly completed Maersk Vessel in Glasgow, getting ready to 

start its service. – Post 1 
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27/12/2011 & 28/12/2011 – A selection of the most popular posts of the year: Pictures with 

Maersk operations after dark from all over the world, pictures with some Maersk off/shore 

rigs from the North Sea, the size comparison of the Triple E vessel, and a brochure from 

1946 advertising the Maersk Line passenger service. – Post 1 

 

14/08/2012 – Announcement of Maerk’s adherence to a new green initiative taking place in 

the Port of Los Angeles entitled “Clean Ship Incentive Program”. – Post 2 

 

16/08/2012 – No less than 10 posts with pictures from around the world of Maersk vessels 

or equipment and also a story on how Maersk vessels stimulate the economic activity in 

Ghana and Nigeria. – Post 2 

 

09/10/2012 – Post encouraging fans to follow the new blog entry post of a Maersk officer 

acting as Mooring Master in the South Atlantic. – Post 2  

 

 

29/01/2015 – Post providing some insight into the skills and competencies acquired by 

participants in the MITAS (Maersk International Tech and Science) program, which takes 

place every year in Kazakhstan. – Post 3 

 

Comments (2) 

13/12/2012 – Comments for a picture of a Maersk offshore drill at sunset. – Comment 1 

 

31/12/2012 – Comments with New Years´ Eve wishes as a response to a post from Maersk. 

– Comment 1 

 

14/02/2014 – Comments for Valentine’s Day post. – Comment 2  

 

Likes (3) 
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25/02/2012 – Likes for a post with a photo of a giant propeller used in the construction of a 

Maersk vessel. – Like 1  

 

06/04/2012 – For a post asking people to share their photos or videos of Maersk activities 

from around the globe. – Like 1 

 

24/04/2012 – For a post announcing that all Maersk employees at the HQ took a minute of 

silence for the passing of Mr. Moller to honor his memory. – Like 1 

 

06/03/2013 – Likes for a post with a photo of a Maersk vessel docking in a port. – Like 2 

 

16/03/2013 – For a post advertising a photo competition where you could submit and vote 

for user pictures of Maersk vessels spotted all over the world.  – Like 2 

 

07/01/2015 – For a post with a photo of the Maersk “Viking” vessel used for Maersk 

drilling operations. – Like 3 

 

08/01/2015 – For a clip showing a Maersk operation site (dock) in Lego bricks. – Like 3 

 

Nordea 

 

Posts (3) 

 

27/04/11 – Welcoming message for the opening of the Facebook page. – Post 1 

28/04/11 – Reminder regarding the upcoming tax return deadline. – Post 1 

 

09/10/14 – Fixed an issue concerning the balance available on a number of customer 

accounts. – Post 2 

 

03/11/14 – Announcement of the upcoming free Nordea Christmas Concert. – Post 2 
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15/01/15 – Post asking users to share how they believe children should be though about 

financial responsibility – Post 3 

02/01/15 – Post asking people if they are still on holiday or are back at work – Post 3 

  

 

Comments (1) 

 

5/12/13 – These comments act as votes for a contest in which Nordea will give away 

80,000kr to the charity that gets the most votes. – Comment 1 

 

6/12/13 – Contest to decide which artist will play at the Nordea Christmas Concert. 

Comments act as votes and entry into the contest and two lucky winners will receive tickets 

to the concert. – Comment 1 

 

Likes (5)  

 

17/09/12 & 23/09/12 – Likes for a contest that requires the participants to guess the interest 

rate on the newly opened housing saving account with a chance to win one of these 

accounts with a 10.000kr deposit.  – Like 1 

 

06/11/12 – Likes for a post promoting the download and usage of the mobile baking app. – 

Like 2 

 

19/11/12 – Likes for multiple posts promoting the new mobile baking app. – Like 2 

 

14/12/12 – Likes for a post advertising the mobile banking app. – Like 2 

 

04/12/13 – Contest for 80.000kr Nordea giveaway to winning charity foundation. – Like 3 

 

03/04/14 – Likes for a post announcing the cut of the Nordea mortgage interest rate to 

3.4%. – Like 4 
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05/05/14 & 06/05/14 – Likes for a challenge initiated by Nordea for all the other 

Norwegian banks. The challenge is for the other banks to jump in the sea for their clients, 

within the next 24 hours. – Like 4 

 

29/09/14 – Likes for a post announcing that Nordea lowered the interest rate on its 

mortgage loan to 3.3%.  – Like 5 

 

07/12/14 – Likes for the announcement of the Nordea Christmas contest. – Like 5 

02/01/15 – Likes for a post announcing the reduction of the interest rate that Nordea uses 

by up to 0.4%.- Like 5 

 

15/02/15 – Likes for the Valentine’s Day post from the previous day. – Like 5 

 

Novo Nordisk 

 

Posts (4) 

 

17/04/12 – Post raising awareness for the World Hemophilia Day – disease that causes 

blood from clotting. – Post 1 

 

14/11/12 – Post raising awareness for the World Diabetes Day – November 14th. – Post 2 

 

27/06/13 & 28/06/13 – Posts aiming to calm down the spirits as Novo Nordisk faced a PR 

disaster in the US market by ending their relationship with Paula Deen (famous US cook) 

because she admitted to using racial slurs in many of her restaurants . – Post 3 

29/06/13 – Post detailing the progress made in the treatment of hemophilia. – Post 3 

 

14/11/14 – Post raising awareness for the World Diabetes Day (November 14th). – Post 4 

 

Comments (4) 
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24/01/12 – Announcement on collaboration campaign with Paula Deen and comments 

expressing people’s views on this. – Comment 1 

 

25/01/12 – Explanation of the collaboration with Paula Deen and further comments on said 

collaboration. – Comment 1 

 

05/09/12 – Comments related to the World Health Organization’s announcement of the new 

yearly diabetes death toll. – Comment 2 

 

02/11/12 – Comments translating the phrase “Walk for diabetes” (as part of an anti-diabetes 

campaign) in different languages in response to a post where people were asked to do so. – 

Comment 2 

 

16/11/12 – Comment for an additional post explaining that the WDD is an official United 

Nations Day and is promoted by the International Diabetes Federation (IDF). – Comment 2 

 

27/06/13 & 28/06/13 – Many negative comments that came about due to the release of the 

news that Novo Nordisk suspended all professional relations with celebrity, Paula Deen. – 

Comment 3 

 

07/10/14 & 08/10/14 – Comments relating to a post explaining Novo Nordisk’s 

commitment to not let political disputes between Israel and Palestine stand in the middle 

and continue its fight against diabetes in the region. – Comment 4 

 

Likes (2) 

 

13/11/13 – For post announcing that Novo Nordisk cycling team will take part in a diabetes 

competition in South Africa. – Like 2 

 

09/04/14 – For post asking people to unite and share a single message to acknowledge 

World Hemophilia Day on April 17. – Like 2 
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07/10/14 – For post explaining Novo Nordisk’s commitment to not let political disputes 

between Israel and Palestine stand in the middle and continue its fight against diabetes in 

the region.  – Like 1 

 

13/10/14 – For post sharing the story of a Novo Nordisk employee working in Bagdad, 

Iraq. – Like 1 

 

04/11/14 & 12/11/14 – Likes for posts raising awareness of the fact that urban residence is 

associated with a 5x higher risk of diabetes compared to rural environments and also asking 

the community to join the fight by donating their Facebook status on November 14th. – 

Like 1 

11/12/14 – For post explaining that anthropology has to do with developing new methods 

for the treatment of diabetes. – Like 1 

 

Novozymes 

 

Post (4) 

 

18/12/2009: COP15, Copenhagen Climate change conference. - Post 1 

 

21/07/2010: Video Contest. Videos made by the Interns to help understanding the benefits 

of Bioinnovation. – Post 1 

  

29/07/2010: Winner of the video contest. – Post 1 

 

22/07/2011: Video Contest. Start of the Interships. – Post 2 

 

5/12/2011: Grand Opening of the Ethanol85 gas station in Raleigh + pictures from 

Franklington Parade sponsored by the Merchants Association. – Post 2 
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19-20/04/2012: Presentation of the Zymobile and Education Event in Raleigh. – Post 3  

 

17/08/2012: U.S. court disimisses a case against EPA approval of vehicles running with 

E15. – Post 3 

9/06/2014: Presentation of Interns working in North America. – Post 4 

 

Comments (4) 

 

30/06-1/07/2010: Novozymes at Roskilde Festival and presentation of “Novozymes Green 

Car”. – Comment 1 

27-28-29-30/07/2010: Winner’s votations for the Video Contest. – Comment 1 

30/04/2012 – Comments made to a post where mini USBs replicating the Zymobile 

(Novozyme’s biofuel powered 2011 Dodge Charger) were handed out to participants at a 

world congress. – Comment 2 

 

26/02/2013 – Comments for a post describing a new Novozymes product developed from a 

fungus that acts against some agricultural pests, reducing risks for farmers if used. – 

Comment 3 

07/02/2013 – Comments where users were expressing why they love biofuels for a chance 

to win a Valentine’s Day competition. – Comment 3 

 

2/03/2015: News from the Telegraph: BP says CO2 emissions are unsustainable, warns on 

global warning. – Comment 4  

 

Like (2) 

 

21/07/2010 – Likes for several posts with videos created by interns at Novozymes across 

the U.S. where they explain bio innovation in a creative way. – Like 1  

 

6/03/2015: Video “Enzymes vs. Toddler-The Laundry Wars” – Like 2 

 

10/03/2015: Video “Enzymes – for laundry that’s out of sight clean” – Like 2 
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Pandora 

 

Post (2) 

 

23/11/2011: New Facebook App “Wonderful Words” and Toronto Film Festival where 

entertainment celebrities will create their own Pandora Bracelets. – Post 1 

 

30/11/2011: Grand opening of Pandora Concept store in Romford UK and beginning of 

Pandora Holiday Calendar competition. – Post 1 

 

15/12/2011: Winners of Holiday Calendar Competition – Post 1  

 

7/10/2014: Winners of PANDORA Style Contest on Instagram.- Post 2 

 

15/11/2014: Launch of the #Pandorawishes a UK campaign with celebrity couples.- Post 2 

 

22/11/2014: Video presentation of the initiative “PANDORA hearts” an initiative that 

celebrates women who work to improve the lives of other women and children. – Post 2 

 

Comment (4) 

 

20/12/2011: Question to Facebook Fans “Where do you live?” – Comment 1 

 

26/12/2012: Question to Facebook Fans “Were there PANDORA presents under the tree” – 

Comment 2 

 

26/12/2013: Question to Facebook Fans “Were there PANDORA presents under the tree” – 

Comment 3 

 

8/03/2014: Women’s International Day new Butterfly jewels presented. – Comment 3 
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26/12/2014: Question to the Facebook Fans “Were there PANDORA presents under the 

tree” – Comment 4 

 

Like (3) 

 

3/05/2013: Opening of the Largest Concept store in Scandinavia and Presentation of the 

Bracelet “Pink Sensation” designed from a fan. – Like 1 

 

3/06/2013: Launch of the Summer Collection. – Like 1 

 

1/10/2013: Pictures from the Autumn Collection - Like 2 

 

4/11/2013: Launch of the Christmas Collection. - Like 2 

 

15/01/2014: Launch of the new “Valentine Collection”. - Like 2 

 

8/03/2014: International Women Day and launch of the new “Butterfly” collection. - Like 2 

 

30/10/2014: Launch of the winter collection. - Like 3 

 

31/12/2014: Happy New Year wishes from PANDORA. - Like 3 

 

4/01/2015: Preview of a jewel from the Valentine Collection. - Like 3 

 

10/01/2015: Preview of a jewel from the Valentine Collection. - Like 3 

 

15/01/2015: Launch of the Valentine Collection. - Like 3 

 

TDC 

 

Post (4) 
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18/02/2011: Launch of the “Home Disk” App and Notification of the end of TDC TV 

malfunctions. – Post 1 

 

24/03/2011: Notification of malfunctioning of the prepaid phones network and later that 

day – notification of resolution. Also a lottery with a chance of winning a Sony Ericsson 

Xperia PLAY was announced through a post. – Post 1 

 

30/10/2012: Announce “We are looking for fun people” Casper Christensen comedy video. 

– Post 2 

 

11/04/2013: Update of Wall picture – Post 3 

 

8/05/2014: Conchita Wurst related post. – Post 4 

 

10/05/2014: Announce of a party for the TDC Grand Prix Final.- Post 4 

 

Comment (2) 

 

10/12/2013: Contest “Jul i Bakkekøbing” to win movie tickets – Comment 1 

 

20/02/2014: Contest to win movie tickets of “Bodil the Elephant”. – Comment 1 

 

25/03/2014: Contest to win concert tickets of Christopher (Danish singer). – Comment 1 

 

26/09/2014: Contest to win Ed Sheeran concert tickets. – Comment 2 

 

28/10/2014: Last Tickets to Ed Sheeran Concert. – Comment 2 

 

30/10/2014: Last Tickets to Ed Sheeran Concert. – Comment 2 

 

15/11/2014: Contest to win a Lego box. – Comment 2 
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Like (4) 

 

30/10/2012:  Casper Christensen’s video. – Like 1 

 

10/11/2012:  Contest to win an iPhone 5 sponsored by Casper Christensen – Like 1 

 

11/04/2013: Ida Corr’s new project about cover picture on Facebook. – Like 2 

 

03/05/2013: Ida Corr’s cover picture winner.- Like 2 

 

16/05/2013: Fan Picture. – Like 2 

 

10-11/05/2014: Conchita Wurst Related + Eurovision posts. – Like 3 

 

28/05/2014: TDC’s cooperation with Mikkel Kessler. – Like 3 

 

24/10/2014: Mikkel Kessler with TDC for his movie. – Like 4 

 

4/12/2014: Sharon’s story (a customer)soon to be presented at a TDC shop. – Like 4 

 

Tryg 

 

Post (2) 

 

19/12/2011 – Several posts relating to Christmas and safe presents. One post introduces a 

quiz with an iPad 2 as potential gift for the lucky winner while the other two ask the users 

for suggestions for safe Christmas presents and also suggest a first aid course from the Red 

Cross as the perfect gift. – Post 1 

 

9/12/2013: Promoting the lottery “julekonkurrence “, prize 10000 kr + Tryg in Jyillinge 

(town in Jutland) to assess the damage after a storm. – Post 2 
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19/12/2013: 10000 fans reached Last chance to join the Picture Contest and proclamation of 

the “julekonkurrence” winner. – Post 2 

 

Comment (3) 

 

23/01/2014: Thursday Quiz on Tryg. – Comment 1 

 

8/02/2014: Lottery with 10 tickets for Lego World. – Comment 1 

24/04/2014: Thursday Quiz with Tryg. – Comment 2 

 

1/05/2014: Thursday Quiz with Tryg.- Comment 2 

 

31/07/2014: Thursday Quiz with Tryg.- Comment 2 

 

27/11/2014: Picture Contest with money prize. – Comment 3 

 

18/12/2014: Last chance to join the Picture Contest. – Comment 3 

 

19/12/2014: Educational Event with 200 families. – Comment 3 

 

Like (2) 

 

3/10/2014: Quiz week with Tryg. – Like 1 

 

18/12/2014: Last chance to join the Picture Contest. – Like 2 

 

Vestas 

 

Post (4) 

 

14/10/2010 – Post referencing an article about the Vestas office in Beirut available in their 

new magazine called The Grid. – Post 1 
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30/12/2011: 18+23 turbines order from UK and Sweden, 24 MW from France, 50.4 from 

Pakistan. Other orders from Italy, Germany and Poland as well.  Also a video about how to 

drive down the cost of energy was posted. – Post 2 

 

26/04/2012: Vestas secures a five year contract renewal in Australia. – Post 2 

 

27/04/2012: Appointment of new chief financial officer + Wind Tower Pictures from a fan 

+ Disclosure of Vestas Newest customer, DTEK Group. – Post 2 

 

30/04/2012: Informative article about wind power and climate change. – Post 2 

 

02/05/2013: Development of a new offshore Turbine. – Post 3 

Comment (3) 

 

08/06/2011: 17 turbines order for a wind farm in Tamil, India. – Comment 1 

 

19/10/2012: Test of a new model of turbine in the UK. – Comment 2 

 

02/11/2012: 140th Turbine produced and report of the undamaged plant in USA after 

hurricane Sandy. – Comment 2 

 

16/11/2012: Vestas promotion of renewable energy. – Comment 2 

 

05/12/2012: Vestas turbine picture from worker. – Comment 2 

 

 

14/01/2014: Installation of turbines prototypes in Oterild + French Wind Energy 

Association says that 39% of turbines were produced by Vestas. – Comment 3 
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18/02/2014: Confirmation by DONG (the customer) about Vestas being appointed as 

preferred supplier for an offshore project. – Comment 3 

 

Like (2) 

 

 

05/03/2014: Sign of a memorandum to bring wind energy solutions to communities in 

Jordan by the end of 2014 as part of the “Wind for Prosperity” project. – Like 1 

 

07/03/2014: Vestas received a 99MW order, the largest ever, from Finland + Order from 

Turkey + launch of the Large Diameter Steel Tower + Vestas picture from fan. – Like 1 

 

12/03/2014: New “Wind Pioneers” campaign launched. It will show the story of wind 

power + BBC visits 100 Vestas turbines in an offshore farm in Thanet (UK). – Like 1 

 

01/05/2014: Rumors in the market about a 148 MW project in the USA, to be confirmed via 

a company announcement + Launch of Vestas “PowerPlus” a new technology that should 

increase power production by up to 5%.– Like 1 

 

20/11/2014: Launch of “A Race We Must Win” campaign to raise awareness about wind 

energy. – Like 2 
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