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Executive	  summary	  

This thesis examines the market reaction to takeover rumour postings on the RagingBull 

Internet Message Board. The study builds on prior literature on rumours and conducts an 

event study to identify the economic impact of takeover rumours on stock prices. In addition 

we apply a takeover-likelihood model introduced by Palepu (1986) in order to test if we can 

successfully identify companies that are unlikely to be target of a takeover. This model is 

introduced as we expected that there will be a great overreaction to takeover rumours, 

particularly the ones that turn out to be false. The findings from the event study and takeover-

likelihood model is then tested to see if it can be used to build a profitable investment 

strategy. 

The results of the event study confirms the main hypothesis that the financial market 

overreacts to takeover rumours. Furthermore the study also shows that Small- and Mid Cap 

firms experience significantly higher reaction to rumours than Large Cap in the event 

window. Results also show that rumours with origin in another reliable source and initial 

rumours depicts high return in the event window. However, the group of rumours that causes 

the highest overreaction to stock prices is, as correctly assumed, false rumours.  

The final takeover-likelihood model includes three variables of the initial 15 examined. This 

is  respectively; Sales, Other reliable source and repeated rumour. Despite showing some 

power of predictability, the model was unable to improve the investment strategy of short 

selling all rumours. As investors are not able to distinguish between true and false rumours at 

the day of publication, the best feasible investment strategy turned out to be the one short 

selling initial rumours for 90 days. This strategy yields annual return of  17,83% compared to 

10,28% for the Equally Weighted Market Index. 

 We conclude that investors overreact to takeover rumours posted on the Ragingbull and that 

the informed investors can gain substantially on forming a strategy built of this information 

though not without taking on excessive risk.  
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1 Introduction	  

1.1 Background	  
The impact of acquisitions has been a topic of great discussion throughout the years. 

Numerous articles have been written on the topic, especially on the value that acquisitions 

create and/or destroy for the stockholders involved. In general, acquisitions have been shown 

to have a positive impact on the target company’s stock price while the stock price of the 

acquiring company often decrease in value following publication of a takeover announcement 

(Berkovitch and Narayanan, 1993). Stockholders of acquired companies frequently gain a 

return that is substantially higher than the annual average return for publicly traded firms 

(Andrade et al., 2001). Familiar with this effect, investors make considerable effort in order to 

identify potential takeover targets to gain an abnormal return. Consequently it would be 

extremely attractive if one could identify which companies are likely to be taken over in the 

near future as that would result in a highly profitable investment strategy.  

Information on an actual takeover offer is usually not accessible to investors until the date of 

the announcement, typically resulting in an immediate increase in the target company’s stock 

price. When there is a demand for such information and no verified information exists in the 

market, it has been shown that investors start to speculate in unverified information to be able 

to obtain the potential gain (Shleifer, 2000). This form of information often emerges as 

rumours spread by word of mouth or in the media. Thus by understanding the nature of 

rumours, it will, all things equal, give the investor a better foundation for speculating in future 

takeover targets.  

Recently economists have started to look at rumours in financial markets in order to study 

their impact on security prices. Takeover rumours have particularly been subject of interest in 

the past years. In the beginning, studies were directed at rumours posted in newspaper articles 

and columns, where researchers focused on the opportunity of making a profitable investment 

strategies based on buying rumours. Nowadays it is rumours posted on the Internet that are 

mostly studied in relation to their impact on financial markets (See e.g. Clarkson et al., 2006; 

Bettman et al., 2010).   

The Internet has had a tremendous impact on the daily lives of people and financial markets 

have not been left untouched. Rumours have increased exponentially in numbers and circulate 



2 
 

more rapidly than before in the online news media and the numerous discussion forums. 

Kimmel (2004) points out the importance of understanding the impact of rumours on the 

Internet:  

With the emergence of the Internet and other new communication 

technologies that facilitate the spread of misinformation, it has become 

essential for managers, investors, and other stakeholders to acquire a 

better understanding of the forces that give rise to rumors and the most 

effective strategies for dealing with them. (Kimmel, 2004:134) 

This will be a central building block in the assignment, as given the overflow of information it 

is difficult to sort rumours from real news and especially find out to what extent the rumours 

are true.  

Rumour is, as known, always subject to some degree of uncertainty. It is information that is 

being spread around but has not been confirmed by appropriate parties. Rumours are often 

linked to events that could have major impact on companies both positive as well as negative. 

Takeover rumours have been shown to have substantial impact on a company’s stock price 

(e.g. Antweiler and Frank, 2004). Investors seem to be willing to buy on those rumours 

because of the high potential return if the rumour turns out to be true. However, only a small 

part of takeover rumours (around 13%) end in an actual acquisition (Clarkson et al., 2006). 

Some hedge funds have even constructed investment strategies based on this knowledge and 

short sell rumours that they find most absurd. According to a study published by Bloomberg, 

at least 1,875 rumours concerning potential buyouts of 717 companies were reported by 

Internet news services, brokerages and newspapers between 2005 and 2010. Short selling 

those stocks yielded average profits of 1.2 percept in the next month, resulting in an annual 

gain of 14.4% (Lachapelle , 2011).    

1.2 Research	  Focus	  
Scholars have, with use of event studies, examined rumours and their impact on stock prices 

for some time. In the beginning the studies concluded that an investment strategy build on 

buying takeover rumours could only be developed from takeover rumours to a limited extent 

(Pound and Zeckhauser, 1990; Zivney et al., 1996). The reason for this conclusion was that 

studies dealt with rumours published in newspapers. Due to the nature of such media, 

information is likely to have been around for some time before it is published there. The 
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results also showed that rumours had a high effect on stock prices in a period leading up to the 

publication of rumours. Both Pound and Zeckhauser (1990) and Zivney et al., (1996) seek to 

implement an investment strategy of buying rumours and holding them up to one year or till 

they would get acquired.  

In past years researchers’ aim has instead been focused on Internet rumours and their impact 

on security prices in the very short run following the rumour (examining impact by the hour). 

Results from those studies have shown that rumours impact stock prices substantially. Most 

results exhibit an abnormal return prior to the rumours and on the day, the rumour is 

published (Antweiler and Frank, 2004). Investors are therefore often advised not to buy on 

takeover rumours, as the stock prices react very quickly to such rumours. Michael Vogelzang, 

Boston based chief investment officer at Boston Advisors LLC said:  

Don’t chase rumour stocks, you never know where you are in the chain, whether 

you’re the first to hear it or the last. You’re just playing with fire because you 

know if it doesn’t work out, it’s going to come down (Lachapelle , 2011).  

However one study showed that it is possible to obtain abnormal return if investors buy few 

minutes after the rumour is published on an Internet Message Board (IMB) (Bettman et al., 

2010).  

In order to investigate the impact of rumours posted on IMBs we will make use of the Internet 

site ‘Ragingbull’ as the ground for detecting rumours. Other scholars have used that particular 

site and it is among the most visited Internet message boards concerning he financial markets 

(Antweiler and Frank, 2004). Takeover rumours posted on the Ragingbull for a period of two 

years will be studied in order to see how stock prices react to them. If the data shows that it is 

possible to form an investment strategy, then we will try to see if it is also possible to improve 

that investment strategy with the help of a takeover likelihood model. 

As results from takeover rumour studies have shown, it seems that investors are willing to 

build their investment decisions on rumours. Thus one could say that rumours are treated in 

the same manner as verified information on the financial market. According to the efficient 

market hypothesis, investors should not be able to achieve abnormal returns as everyone on 

the market has access to the same information. Prices should therefore reflect all information 

available to investors on the market. Thus profitable investment strategies are quickly wiped 

out as the knowledge of them spread out on to the market through academic studies and 
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business related researches. The effect of rumours has been known for some time and most 

studies have concluded that buying on rumours is not a profitable strategy though with some 

exceptions (see e.g. Bettman et al., 2010). Recent studies still show that rumours and 

especially true rumours have positive effects on stock prices despite the warnings from 

investment managers not to buy on rumours. Hedge funds are interestingly going in the exact 

opposite direction and utilize the investment strategy of short selling on takeover rumours. 

John Orrico at New York-based Water Island Capital LLL stated in an interview “[w]e see it 

as an opportunity to sell if we think the rumor is false or ridiculous, which in most cases they 

are” (Lachapelle, 2011). However, if one could more than just guess on which rumours are 

true or false then one would be in a very profitable situation. 

Academics have been trying to develop a model that can predict takeover likelihood of 

companies. If those models can give investors accurate information about the likelihood, 

constructing a profitable investment strategy should be possible. Those models are build up 

on believe that companies can be divided into two groups; target-companies and non-target 

companies. The models use different hypotheses, such as inefficient management, debt and 

firm’s size in an effort to characterize likely target companies. In the beginning studies 

showed remarkable results, correctly predicting target companies in up to 90% of the time 

(see e.g. Stevens, 1973; Dietrich and Sorensen, 1984). Later methodological flaws were 

detecting in those models. Today the models are not as good at predicting if a company is a 

likely target. Nevertheless the result showed that the models have some predictability in 

finding out if a company is a likely target. The models could therefore be good in an effort to 

avoid short-selling companies that are more likely takeover targets (Brar et al., 2009). Hedge 

funds are already short selling rumoured stocks, as stated above using their intuition 

(Lachapelle, 2011). However if one could use a proven model instead of a hunch the 

investment strategy will, all things equal, be more reliable and easier to assess risk. 

Combining the rumours posted online with takeover likelihood model could result in a better 

investment strategy that investors would employ instead of short selling on all rumours and/or 

use sentiments. 
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1.3 Overall	  Research	  Aim	  and	  Individual	  Research	  Objectives	  	  
The overall aim of this study is to understand the impact of takeover rumours on financial 

markets as well as to look into the discussion why some investors respond to this form of 

unverified information. In order to understand the effect, it is necessary to collect a sample of 

rumours. In this study we will focus on rumours appearing on Internet Message Boards 

(IMB). To narrow down the scope we will use rumours posted on the IMB - Ragingbull as a 

benchmark. In the first part of this study an event study will be applied to measure the 

economic effect of rumours. In the event study an analysis of different time intervals shall be 

investigated and rumours will be divided into predetermined groups to test if there is disparity 

between different categories of rumours. Since other studies have shown that takeover 

rumours do actually have an impact on the financial market; we expect the same with our 

sample. 

In the second part of this study, a takeover-likelihood model will be developed in an effort to 

‘sort out’ true rumours from the false. In this part-analysis we will make use of a logistic 

regression model (logit model). 

The objects of this research are to: 

(1) Identify if there is an overreaction by the financial market to takeover rumours 

on Internet Message Boards and test if this varies between sub-groups of 

rumours. 

(2) Develop a model that can predict takeover-likelihood among rumoured 

companies and thereby help to implement a profitable investment strategy based 

on short selling false rumours. 

 

Objective 1 will be the main focus of our research, whereas objective 2 will be of secondary 

importance for our study. With the intention of developing a model as stated in objective 2 we 

need to investigate how and if the rumours we have obtained actually have an effect on the 

stock market. If the study shows no significant abnormal return for rumoured stocks, then 

developing a model will be of limited or no importance. The benchmark investment strategy 

will involve all takeover rumours in the full sample. The second part of this study shall make 

an effort to build up a model that outperforms the benchmark strategy of short selling all 

rumours. It would therefore be a mistake to view each of the stated research objectives as 

separate, unrelated activities. We will further elaborate on different sub-hypotheses in each 
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section of the study. Other published studies will be used to build up different hypotheses, 

both for the event study as well as the logit model. In order to understand the effects of 

rumours on stock prices, we will employ behavioural economics in the literature review and 

apply this to the results in the discussion section of this study. 

1.4 Contribution	  of	  this	  study	  
Recent studies on rumours on Internet Message Boards (IMB) have focused on the short-term 

period following the takeover rumour, looking into the hourly changes around the rumour (see 

e.g. Clarkson et al., 2006; Bettman et al., 2010). Older studies on takeover rumours published 

in newspapers investigated longer periods or up to a year following takeover rumours (Pound 

and Zeckhauser, 1990; Zivney et al., 1996). In this study we want to combine these two 

approaches and focus on takeover rumours on IMB while investigate their impact on stock 

prices at the time of the event as well as the longer run similar to the early studies on takeover 

rumours. We do this, as we find it very interesting, to map how investors behave in the period 

following a rumour. It can be difficult to immediately spot and react rationally to takeover 

rumours. Therefore it would be insightful to see if the Internet provides more information to 

the investor about takeover rumours than the newspapers investigated by Pound and 

Zeckhauser (1990) and Zivney et al (1996), thus making the investor reacting differently. The 

question is if the market responds efficiently with the increase in information available on the 

Internet or if there emerges an opportunity to develop a profitable investment strategy in the 

long run.  

This study will furthermore investigate different sub-groups of takeover rumours. Other 

studies have examined different categories of rumours but then again only for shorter time 

periods (Bettman et al., 2010). We will therefore also focus on the long run effect on different 

groups of rumours in an effort to identify the return pattern and see if these findings help in 

implementing a profitable investment strategy.  

Moreover this study will employ a narrower definition of takeover rumours, as prior studies 

seem to acknowledge a broad range of IMB posts where a portion of these might merely 

represent wishful thinking. Thus this study tries to differentiate by only examining strong 

rumours. 

One thing, which has never really been attempted in previous studies, is trying to explain why 

there is such a strong reaction to rumours, when in fact they are not verified information. 
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Previously only the reaction patterns have been studied and mapped out. Therefore we will 

also try to apply studies of behavioural economics to the findings and try to explain the 

reaction to all rumours as well as the different sub-groups. This will be done as an effort to 

explain why investors react irrationally to some takeover rumours. 

1.5 Definitions	  

Rumour	  

There are different types of rumours that are spread around on the financial market. All from 

rumours about future earnings to changes in management of companies are being distributed 

among investors. In Kimmel (2004) she defines rumours as being: ‘a group's effort to discern 

the true facts in order to obtain cognitive clarity and closure‘(Kimmel 2004; 136). Rumours 

are like hypotheses or tentative clarifications of the facts. In order for a rumour to spread and 

have impact there need to be some sort of credibility or believability in the rumour. Repetition 

of the rumours likewise tends to further promote the belief, so the more times a rumour is 

received, the more likely it will be assessed as credible (Kimmel 2004). In this study we will 

focus on takeover rumours and their impact on stock prices. Thus we will use the words 

rumour and takeover rumour equally unless otherwise stated.  

Takeovers	  and	  acquisitions	  	  

Takeover and/or acquisitions is an activity were one company takes a controlling ownership 

interest in another firm, a legal subsidiary of another firm or selected assets of another firm 

(DePamphilis, 2009).  The takeover company may continue to exist as a legally owned 

subsidiary of the acquirer or it seizes to exist and is integrated into the bidding company. The 

bidding company may pay for the target company with cash, stock or mixture thereof. In this 

study it will only be the takeover target that will be of interest.  

Internet	  Message	  Boards	  

Internet Message Boards (IMB) is also known as online financial bulletin boards. They 

provide interactive sites and chat rooms where participants trade information, opinions and 

rumours about listed securities. Some of the most known IMB are Motley Fool, Yahoo and 

Ragingbull. 

On these IMBs it is difficult verifying both the authenticity of the content of the post and the 

identity of the poster because posters tend to use nicknames. Thus the motives for posting 

information on these boards often remain unclear (Clarkson et al., 2006). Some of the features 
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intended to keep users from posting incorrect information are ranking systems and the ability 

for others to response to the posts. Thus posters are too some extent accountable of the 

information they provide. Furthermore two scholars Pollner (Woolgar, 2002) and Campbell 

(2001) both conclude that a sense of community appears to grow on these sites, with 

participants actively seeking to establish a reputation for providing credible and valuable 

insights to other members of the community. 
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2 Literature	  review	  and	  hypotheses	  development	  
In the first section of this chapter we will start out by defining rumours on the financial 

market, discuss different categories of rumours as well as clarify whether rumours can be 

acknowledged as information or just ‘noise’ to the market. Finally, results from empirical 

studies on takeover rumours will be presented. The second section will include a discussion 

on behavioural economics in an attempt to understand the, sometimes irrational, behaviour of 

investors and how this affects their investment decisions. Finally, the third section will review 

literature on the takeover likelihood model. Here, the hypotheses for the event study and the 

takeover likelihood model will be developed and introduced.  

2.1 Rumours	  on	  financial	  markets	  
Rumours came under scrutiny by sociologist, psychologists, psychiatrists, anthropologists and 

folklorists at the beginning of the 20th century. Most of the traditional studies were oriented 

toward crises, conflicts and catastrophes (Koenig, 1985). The financial market has not been 

left out when it comes to rumours and their impact. A study by Arnold N. Rose from 1951 

was among the first to study movements in stock prices with relation to rumours. His work 

was directed at unidirectional trends in stock prices, following a rumour. They are seen as a 

group effort to obtain true facts in order to clarify a given situation because of lack of 

information (Kimmel, 2004). 

Clarkson et al. (2006:31) defines rumour as being ‘any information not capable of objective 

verification’. In addition, a rumour has to be of local or current interest or importance and is 

intended primarily for belief (DiFonzo and Bordia, 1997). The first element involves the 

uncertainty that surrounds rumours. Rumours are subject to doubt as they are lacking the 

secure standard of evidence that would either confirm the rumour or reject it. The difference 

between news and rumours is that, on contrary to rumours, news is confirmed information. 

The second element involves the importance of the rumour to the public. Rumours contain 

information that is of importance to the one that receives it. In situations subject to 

uncertainty, people often possess a need to know in order to prepare for the future such as in 

the case of uncertainty about the future of a company where people are worried about their 

job security. Finally rumours are intended to fill in a gap that has formed due to lack of 

information. Rumour is primarily about ‘the business of conveying or revealing empirical 

reality’ (DiFonzo and Bordia, 1997:331). According to Kimmel (2004) situations that are 
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marked by uncertainty are psychologically aversive, and rumours can be seen as group effort 

to obtain true facts in order to clarify that situation. 

Rumours have been a part of the financial market since the beginning. They often contain 

valuable facts about companies such as a likely acquisition, changes in management and 

future earnings that either is positive or negative for the company. The intention is overall to 

either clarify situations and/or to have an impact on stock prices in a positive or negative way. 

Bommel (2003) uses a rational expectations model to show that well informed investors with 

limited investment capacity can manipulate stock prices, hence increase profit, by posting 

informative but imprecise trading advice to followers. Three different rumour strategies are 

derived from the model; first, the investor spreads honest rumours, second, investors may 

bluff and spread rumours that are not derived from any information, and finally the investor 

can cheat by spreading false rumours and trade on them. Bommel (2003) shows, that in a 

repeated game, the only equilibrium is spreading honest rumours. By bluffing or cheating, 

investors risk losing their reputation, hence the ability to have an influence on other investors.  

According to Bommel’s model most rumours on the financial markets should therefore be 

true. Nevertheless, studies show that only a fracture of takeover rumours turns out to be true 

(see e.g.Zivney et al., 1996; Lachapelle, 2011). The consequences should therefore be either 

that only a fraction of rumours coming from investors with a good reputation has an impact 

on stock prices or that investors are not being rational, meaning that they are building their 

investments on unconfirmed information rather than from credible sources. 

Bommel’s model can easily be applied to the era before the Internet where rumours were 

spread by word-of-mouth or in newspapers. In those days the contributor of the rumour could 

more easily be identified making it much more difficult to spread false rumours without 

harming ones reputation. However, the ability to write anonymously on the Internet makes 

Bommel’s finding less applicable today.  

Investors are using IMB to exchange different types of information including: repetition of 

prior news releases; individual opinions and predictions; private stock analysis; fictitious 

information; prediction of a future news release; insider information; and rumours (Wysocki, 

2000 cited in Bettman et al., 2010). The next section will further explain different types of 

rumours being spread on those IMB and the consequences.  
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2.1.1 Categories	  of	  rumours	  
Rumours can be split into three different categories; true rumours that have their origin from 

inside information, false rumours that are spread with the intention of manipulating stock 

prices, and finally rumours that are just interpretation of information available to investors on 

the market. This section will assess the three different forms of rumours.  

One of the principles of financial markets is that investors have equal access to price-

generating information. Basing investments on insider information is illegal as it could 

undermine the trust in the financial system.1 Trading on insider information, on the other hand 

can turn out to be a very profitable investment strategy as shown in the case; Anheuser-Busch 

vs. W. Paul Thayer. Paul Thayer, former deputy defence secretary among others was sued for 

leaking inside information, causing Anheuser-Busch to pay a higher price in a tender offer for 

Campbell Taggart (see summery of the case in Cornell and Sirri, 1992). This type of action, 

also known as the information leakage hypothesis, around M&A activity suggests that 

informed investors can have a profit-maximizing incentive to make private information public 

in order to profit from the likely market movements once the market identifies the information 

as being valuable (Aktas et al., 2002). In order to hide the trail the information is often passed 

on to others from the original source before being published.  

Another known illegal action used to maximize profits is market manipulation, which occurs 

when ‘investors, one or more, create actual or apparent active trading in securities, or raise or 

depress the price of such a security for the purpose of inducing the purchase or sale of such 

security by others.’2In other words, market manipulation is the spreading of false rumours 

with the intension of influencing the prices of securities. ‘Pump and dump’ is a well-known 

strategy hereof, in which investors, who own stocks in a company, try to influence the stock 

price by spreading false rumours and later make a profit by selling when the impact of those 

rumours have been fully realized. Jonathan Lebed, a 15-year-oldhigh school student used the 

‘pump and dump’-strategy when he posted hundreds of message about stocks he owned on 

the IMB Yahoo Finance. He then sold the stock with large gains, which caught the attention 

of the Security Exchange Commission (SEC). SEC filed a civil suit against him, ending in a 

settlement (Lewis, 2001). 

Finally spreading rumours that are based on theories and interpretation of information is a 

legal activity that is widely exercised on the Internet. Das et al (2005) interviewed an active 
                                                
1 See the Securities Exchange Act of 1934, section 10(b) and section 16(b). Insider trading a such can be  
2See the Securities Exchange Act of 1934, section 9(a)(2) 
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member of an IMB in order to better understand why people spend substantial amounts of 

time posting messages online. The results of the study indicate that participants want to learn 

from users who have more experience as well as receive feedback on the information and 

theories they think analysts are missing. In this case, rumours are being formed when 

situations are unclear because investors lack information or due to the fact that investors are 

interpreting existing information differently than others. The question is then how the market 

interprets these rumours. 

2.1.2 Information	  or	  noise?	  
Scholars have tried to answer the question of whether rumours on Internet Message Boards 

can help to predict stock returns and/or trading volume (Tumarkin and Whitelaw, 2001). If 

rumours have the ability to correctly predict returns and volume then they should be classified 

as information. If they lack that ability, the appropriate classification is ‘noise on the market’. 

Black (1986) defines noise as an element that makes our observations imperfect by making 

our knowledge about expected return on a stock or a portfolio unclear. As a result, it makes 

the outcome in the market more uncertain.  

When investors trade on information, in a rational way, they expect correctly to make profits 

from those trades. People, however, often trade on noises as if it were information. If they 

expect to make profits from noise trading they are being irrational (Black, 1986). Information 

is the factor that influences movements in stock prices. When there is no information on the 

market then stocks follow the path of random walk. If investors interpret rumours as 

information some kind of observable trend in stock prices should follow the publication of 

rumours. If on the other hand rumours are interpreted as noise then stock prices should keep 

following a random walk when rumours are published (Black, 1986). 

In order to shed light on the problem of whether rumours should be classified as information 

or just noise, the next section will introduce prior empirical studies. As this study is focused 

on takeover rumours on Internet sites we will mainly show results from studies about 

takeovers and takeover rumours.  

2.1.3 Results	  from	  empirical	  studies	  
Announcement of a takeover has been shown to have a substantially positive effect on the 

target company’s stock price (see e.g. Bradley et al., 1983; Jensen and Ruback, 1983; 

Malatesta, 1983; DeLong, 2001; Campa and Hernando 2004). Andrade et al. (2001) studied 

3688 mergers and acquisitions between 1973 and 1998. Their results show an average three-
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day abnormal return for the target firm of 16%. When the event window is expanded to begin 

20 days prior to the announcement, the abnormal return rises to 24%. Annual average return 

for all publicly traded firms over the same period was 12%. In other words, target company 

shareholders received in three days what shareholders normally receive in 16 months.  

Deregulations and increased leverage buy-outs especially from private equity funds have 

resulted in escalation of M&A activity in recent years (Kimmel, 2004). The increasing 

number of M&As and the substantial positive effect that takeovers have on stockholders’ 

wealth has made takeover rumours a very attractive research field for economists. Before the 

Internet, rumours in newspapers were the object of research as that was the only data 

available. Pound and Zeckhauser (1990) analysed rumours published in the column ‘Heard on 

the Street’ (HOTS) that appeared in the Wall Street Journal (WSJ). Their main findings were 

that no excess return could be realized by buying (or selling) a rumoured takeover target when 

it was published in the WSJ. However approximately 7% cumulative abnormal returns were 

realized in the 20 trading days prior to the publication of rumour. That indicates that rumours 

were already swirling around in the market before publication in HOTS. Pound and 

Zeckhauser (1990) use a one-year buy and hold trading strategy, thus excluding examination 

of stock price behaviour over shorter interval. In the article “Overreaction to Takeover 

Rumours” Zivney et al. (1996) examine both HOTS rumours as well as rumours in the 

column ‘Abreast of the Market’ (AOTM) which also appeared in the WSJ. They find similar 

results for the HOTS rumours as Pound and Zeckhauser (1990). However they find that by 

short selling rumours that appeared in the AOTM a 20% annual excess return could be 

obtained. Their conclusion is that investors overreact to takeover rumours (for similar results 

see Chou et al., 2010; Spiegel et al., 2010). Zivney et al. (1996) likewise test if there is any 

difference in return relating to firm sizes, if institutional investors are among owners and if 

market beta on stock prices of rumoured target companies is different. They conclude that the 

market overreacts to rumours published in AOTM but differences between firms in terms of 

size, ownership and risk are insignificant. Out of the 871 rumours that Zivney et al. (1996) 

investigated only 288 rumours or 33% resulted in actual bids being received. In the Pond and 

Zeckhauser (1990) case 18 firms out of 42 (43%) received takeover bid within 1 year after 

publication of rumour.  

The Internet has made information flows much more efficient. Due to these changes in the 

information technology scholars are now focusing more on rumours that are posted on the 

Internet instead of newspapers (see e.g. Antweiler and Frank, 2004; Wysocki, 1999). 
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Participants on equity markets are increasingly using the Internet as a source for 

communicating and searching for new information. The flow of information is much faster 

now and investors that before were missing out on rumours are now able to collect rumours 

with help of IMBs. Personal networks have always been of much importance for investors in 

their attempt to be among the first to receive new information. With the increase in popularity 

IMBs have in part taken over as the primary medium to disseminate and collect this valuable 

new information. There they can post and read information about specific firms and 

investment related topics (Bettman et al., 2010). Stock chats and message boards enable 

investors, irrespective of size, to express their views and thus encourage greater market 

participation (Das and Chen, 2007).  

Antweiler and Frank (2004) examines market reactions to posts on both Yahoo!Finance and 

Ragingbull. They find that the market react positively to news on IMBs followed by a 

statistically significant negative return the day after. In comparison to plausible transactions 

costs the effect is economically small. Clarkson et al. (2006) investigate takeover rumours 

posted on the Hotcopper, an Australian IMB. In their research, takeover rumours were defined 

as posts that contained both propositions that a company should be taken over as well as that 

company will be taken over. They find evidence of abnormal return and increased trading 

volume the day before and on the day the rumour is posted. Results are largely driven by a 

sample of companies that were not identified as a likely takeover target in the press. In the 

study, 11% of the companies in the sample became the target of takeover activity during the 

12 months subsequent to publication of rumour. At the same time, only 3.37% of the 

companies listed on the Australian Securities Exchange were subject to takeover activity. 

They conclude that the sample appear to have some degree of forecasting ability.  Similar to 

Clarkson et al. (2006), Bettman et al. (2010) investigate takeover rumours posted on Yahoo! 

Finance message board and find that there is a significant positive share price movement as 

well as increase in volume in the five minutes to twenty-four hour period following takeover 

rumour publication. A significant firm size effect is apparent, indicating that rumours have 

stronger effect on smaller firms, which is consistent with other studies on message boards (see 

e.g.Bagnoli et al., 1999) but contradicts the findings of Zivney et al. (1996).  

Keown and Pinkerton (1981) document that approximately half of the cumulative abnormal 

return on target company’s stocks occurs prior to the announcement date of takeover, similar 

to results in Pound and Zeckhauser (1990). According to these findings, there appear to be 

some leakage of insider information before the announcement, which is used by investors to 
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trade on. Meulbroek (1992) uses data from SEC on illegal insider trading to examine the 

excess returns on the days of illegal insider trading. She finds that 43% of the price run-ups in 

the target company‘s stock price occurs on the days that insiders traded although they traded 

only on small subset of the days in the run-up period. Illegal insider trading is though hard to 

prove. It is therefore hard to state that illegal insider trading is always the case when stock 

prices increase before announcement of a takeover.  

The creation of rumours is another important factor that has been subject to recent studies. 

One of the factors that investors follow closely is the volume in stock trading, as an increase 

in volume could indicate that there is a important event coming up. Studies suggest that there 

is increased activity linked to the opinion expressed on IMBs (Tumarkin and Whitelaw, 2001; 

Das and Chen, 2007) and with the volume of posts (Antweiler and Frank, 2004). However 

there is a dispute about whether it is the increased market activity that influences rumours or 

if it is the rumours that result in boosts in market activity. Tumarkin and Whitelaw (2001) 

examined the relationship between posting on RagingBull and abnormal trading volume and 

stock returns in a 1-year period for stocks in the internet service sector. They concluded that 

on days with abnormally high message activity, changes in the investors sentiment where 

correlated with the abnormal industry adjusted returns. The message board activity, however, 

did not predict the abnormal returns and volatility. Antweiler and Frank (2004) on the 

contrary find evidence that messages posted on IMB can help predict market volatility, 

though their effect is economically small. However, Bettman et al.’s (2010) results show that 

there were only significant changes in trading volume after publication of a rumour, 

indicating that rumours affect the market activity.  

Posts on IMB have shown to have a predictive power over future trends in security prices. Gu 

et al., (2006) investigate message board users’ ability to have a high prediction power on 

future stock returns. The authors build a model based on the users’ prior prediction power. 

This model lead to a 0,88% increase in weekly excess returns with a one-month holding 

period when following the prediction given by users with a high prediction record. They show 

that information available in IMBs is not fully incorporated in the market prices, hence 

fuelling the notion that the market is not fully efficient.  

Due to the anonymous posting of information on IMBs it is very difficult to assess the 

credibility of the users and the information that they post. Bagnoli et al. (1999) examined 
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whispers on the Internet, including posts on IMB3.  In their attempt to verify the credibility 

they conclude that it is impossible to determine the underlying origin of whispers. As a result, 

all whispers are treated as equally credible in the study. Bettman et al. (2010) take a different 

approach by arranging takeover rumours obtained from Yahoo! Finance Message Board by 

their author’s star rating4 attached to them. They find out that rumours with higher star rating 

have significantly higher abnormal returns. They also state that firms with prior media 

speculation regarding a takeover have a higher abnormal return. This indicates, not 

surprisingly, that investors are more willing to buy on rumours that are more reliable 

according to other participants of the message board. This is in line with Bommel’s (2003) 

findings that reputation plays an important role in takeover rumours online.  

In their study, Zivney et al. (1996)show that rumours, which turn out to be true, have higher 

pre-rumour publication gains followed by additional positive abnormal returns in the one-year 

post-rumour period. Combined returns add up to nearly 30%. Thus, it seems that some 

investors are able, legally or illegally, to sort out the true rumours from the false ones. But 

false takeover rumours still have positive impact on stock prices in the pre-rumour period as 

well as on the day of publication of rumour. Similarly, Kosfeld (2005) shows that repeated 

rumours are more likely to have an influence on stock prices (see also Das et al., 2005). 

The reviewed studies show that takeover rumours have positive effect on target companies. 

However, results differ on whether rumours actually produce a boost in market activity. 

Because rumours do have an impact on stock prices we can classify them as information that 

has not yet been verified. Despite, being unverified, investors are still prepared to take the risk 

and trade on them. To better understand why investors act on rumours the next section will 

introduce and discuss behavioural economics in relation to the investors’ reactions.  

2.2 Behavioural	  economics	  
The Efficient Market Hypothesis (EMH), introduced by Fama (1970), is build upon the belief 

that investors in financial markets are rational. Information available to investors should be 

fully reflected in the security prices. There are three forms of the hypothesis; weak EMH, 

semi-strong EMH and strong EMH. Weak EMH claims that prices reflect all past information, 

available to the public. Semi-strong EMH states that prices reflect all public information and 

that prices change instantly with new information. Finally, strong EMH involves all hidden 

                                                
3Whisper' forecasts are unofficial forecasts of earnings per share that circulate among traders and investors 
4A measurement of otherreadersassessment of the author’s posts 
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information, such as inside information. According to the theory investors are unable to beat 

the market unless they possess inside information that is of importance for the stock market. 

Investors are assumed to be rational and hence to value securities rationally. To the extent that 

they are irrational, their trades are random and therefore cancel each other out without 

affecting prices. Irrational investors are met in the market by rational arbitrageurs who cancel 

out the price affect on the market. Rational investors value each security for its fundamental 

value: the net present value of its future cash flows, discounted using their risk characteristics 

(Shleifer, 2000). If a security gets over-priced in a market relative to its fundamental value 

due to irrationality of investors then arbitrageur could take advantage of the situation and 

short-sell the stock and go long in ‘essentially similar’ security to hedge their risk. The effect 

of this selling is to bring the price of the overpriced security down to its fundamental value. If 

arbitrage is quick and effective enough then the price of a security can never get far away 

from its fundamental value and arbitrageurs are unable to earn a high abnormal return 

(Shleifer, 2000). According to this hypothesis one should not be able to form an investment 

strategy out of rumours, which earns above abnormal returns. 

Many scholars have criticized the EMH. To start with, investors are not completely rational as 

the theory states. Black (1986) states that investors often trade on noises rather than 

information. People who trade on noise are willing to trade even though they would be better 

off not trading. Investors are also willing to follow advices from financial gurus, fail to 

diversify, sell winning stocks and hold on to losing stocks, buy and sell actively and invest in 

expensively managed mutual funds, follow stock patterns and other popular models (Shleifer, 

2000). People deviate from the standard decision-making model in a number of fundamental 

areas (Kahneman and Riepe, 1998). Individuals for example systematically violate Bayes’ 

rule and other maxims of probability theory in their predictions of uncertain outcomes 

(Kahneman and Tversky, 1973). In case of takeover rumours, investors are thus likely to over- 

or underestimate the probability that a rumour actually ends up in an offer.  

In relation to that, Daniel et al. (1998) proposes a theory of why there is under- and 

overreactions to securities in financial markets. The theory is based on two well-known 

psychological biases: investors’ overreact to private information signals and underreact to 

public information signals. We saw in the previous section that excess return is realized in a 

period before the publication of the rumour. Thus investors trading in that period may 

overreact to the private information that they possess about a possible takeover. When the 



18 
 

rumour hits the market, other investors observe past market activity and take actions based on 

the published rumour.    

Baker (1984) examines patterns of trading that occur among participants on the floor of the 

stock options market. He argues that the stock options market is socially structured in a way 

that affects its operations and outcomes. Human actors on the financial markets are subject to 

bounded rationality and that it will hardly be prevented that some investors act in an 

opportunistic manner. Moreover, people fail to adjust for repetition of information they 

receive and are likely to interpret false information as true the more often it appears (DeMarzo 

et al., 2003).  

But there are also economists that defend the efficient market hypothesis. Malkie (2010) 

draws a conclusion from his empirical study that there will always be a collective judgement 

of investors that sometimes make mistakes and price bubbles that have happened in the past 

are exceptions from the efficient markets hypothesis rather than the rule. The hypothesis will 

therefore still hold within the profession of economics. Fama (1998) suggests that although 

investors tend to over- and underreact to information on the market the market hypothesis 

should not be abandoned, as those reactions are approximately evenly common in the market. 

Thus deviations from efficient market price are thought to be random noise, which is 

eliminated in the long run. Deviation from the ‘right’ price can, however, create an arbitrage 

opportunity for investors, which, according to the EMH hypothesis, should be impossible to 

obtain. In the long-run investors should therefore not be able to obtain abnormal returns.  

If investors are irrational and violate Bayes’ rule and other maxims of probability theory 

resulting in an over- or under-reaction to takeover rumours, it indicates that it might be 

possible to construct a profitable investment strategy based on those rumours.  

If on the other hand Fama is correct that over- and under-reaction in the long run are evenly 

common on the market, then forming a profitable strategy that either buys or short-sells on 

those rumours should not be profitable in the long run.  

2.3 Takeover	  likelihood	  
Several studies have investigated the characteristics of target firms in order to better 

understand mergers and acquisitions (M&A) (See e.g. Hasbrouck, 1985; Song and Walkling, 

1993; Shleifer and Vishny, 2003; Powell, 2004). Others are more concerned in developing 

takeover likelihood prediction models (e.g. Stevens, 1973; Dietrich and Sorensen, 1984; 
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Hasbrouck, 1985). Predicting, with high accuracy, if a company is subject to a future takeover 

could be especially profitable as target shareholders receive a large premium. 

Early studies argued that their models had up to 90% accuracy in predicting correctly 

(Stevens, 1973; Dietrich and Sorensen, 1984). Palepu (1986) reviewed these models and 

found that the models substantially overstated the ability to predict targets, due to flaw in data 

collection. Palepu (1986) used a logistic model to test six different acquisition hypotheses, 

well known within the financial literature; inefficient management hypothesis, growth-

resource mismatch hypothesis, industry disturbance hypothesis, size hypothesis, Market-to-

book hypothesis, and price-earnings hypothesis. Each of these will be explained in the 

following section. 

The inefficient management hypothesis states that firms that are unable to meet the demands 

of the financial market and underperform compared to similar companies are more likely 

takeover targets. The growth-resource implies that firms with a mismatch between their 

growth and the financial resources at their disposal are likely targets. Two types of firms are 

likely targets: low-growth, resource-rich firms and high-growth, resource-poor firms. 

According to the industry disturbance hypothesis, firms that are in an industry subjected to 

‘economic disturbance’ are likewise likely acquisition targets (Gort, 1969). The theory 

suggests that acquisitions cluster by industry. The proponents of the size hypothesis assume 

that the likelihood of acquisition decreases with the size of the firm. Smaller firms are more 

likely to be targets as several size-related ‘transaction costs’ are associated with acquiring 

firms. Thus cost is positively related to the size of the firm. The market-to-book hypothesis is 

based on the assumption that firms with low market-to-book value ratios are ‘cheap’ buys and 

thus likely acquisition targets. The last hypothesis that Palepu (1986) bases his model on is 

the price-earnings hypothesis. Here the notion is that firms with high P/E ratio seek to acquire 

low P/E ratio companies to “realize an ‘instantaneous capital gain’ because of the belief that 

the stock market values earnings of the combination at the higher P/E ratio of the acquirer” 

(Palepu, 1986:18). However Palepu (1986), himself, questions the economic logic of the last 

two hypotheses. The market price is the price that investors are prepared to pay for the 

company. Hence, the price for the stocks should therefore be correct.  

In Palepu’s (1986) model, the independent variables are several different financial ratios that 

serve as a proxy for the acquisition hypotheses. He also includes growth, liquidity and 

leverage. He presents four logit models using different variables. After correction for the 
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methodological problem, the results show that variables detached to the inefficiency, growth-

resource imbalance and size hypotheses are statistically significant and have the right 

expected signs. The coefficients of growth and leverage are negative and statistically 

significant while the coefficient of liquidity is insignificant. This results in the inability of the 

models to predict possible targets with high degree of accuracy. Thus the model fails to 

identify actual targets; it erroneously predicted a large number of non-targets as targets. The 

study employs an investment strategy of investing in firms that were predicted by the model 

as takeover targets but it does not produce significant abnormal returns. However, the model 

is much better at predicting the unlikely takeover targets, which is highly relevant for this 

study. 

Further empirical studies, built upon Palepu (1986) have been published in recent years (for 

the U.S. market see Cudd and Duggal, 2000). Brar et al. (2009) extends Palepu’s (1986) 

model by incorporating leverage, age and barriers to entry hypotheses. The leverage 

hypothesis is build upon the theory that takeover targets are often financially distressed 

companies. Firms that have higher levels of debt on their balance sheets are more likely 

takeover targets. Firms that have recently been listed are according to the age hypothesis more 

likely to be acquisition targets. The last hypothesis they add to their model is the barriers to 

entry. Firms in an industry with high barriers to entry are more likely targets.       

Brar et al. (2009) finds, contrary to Palepu, that the model predicts takeover targets with 

relatively high accuracy. They also state that the results could be useful in order to minimize 

risk by avoiding likely takeover targets when they short sell stocks, which is in line with what 

Palepu (1986) finds in his study.  

2.4 Hypotheses	  development	  
In this section we will develop hypotheses both for the event study as well as for the logit 

model. Those hypotheses are drawn from the studies and (behavioural) economic theory 

presented in the previous chapter.  

2.4.1 Hypotheses	  for	  event	  study	  
In this section we will introduce different hypotheses for our event study. The main 

hypothesis will involve the entire sample of rumoured companies to investigate how stock 

prices react to rumours. The sub-hypotheses will concern different sub-groups of rumoured 

companies and how these are expected to show different return patterns.   
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Main hypothesis: 

(1.1) All rumours: The financial market overreacts to takeover rumours on Internet 

Message Boards. 

The main hypothesis in our event study will deal with the reaction of the financial market to 

the publication of takeover rumours on the Internet. In previous studies stock prices have been 

shown to have a positive reaction even before publication of takeover rumours (see e.g. Pound 

and Zeckhauser, 1990; Clarkson et al., 2006). Thus, we expect that stock prices will also show 

a positive abnormal return when a takeover rumours is posted. Zivney et al. (1996) concluded 

in their study that the financial market not only show positive trends to rumours but also 

overreacts to them (see also Spiegel et al., 2010; Chou et al., 2010).Daniel et al. (1998) 

proposes a theory saying that investors overreact on private information, which they possess 

in the period before the publication of a takeover rumour. When the takeover rumour is finally 

published the market also reacts to the new information. And because individuals are shown 

to systematically violate Bayes rule and other maxims of probability theory in their 

predictions of uncertain outcomes (Kahneman and Tversky, 1973) we therefore expect that 

the financial market will overreact to takeover rumours by revealing a positive reaction in the 

pre-event and event interval followed by an opposite negative reaction in the post-event 

period. 

 

Sub hypotheses: 

(1.2) Company’s size: Stock prices of smaller firms will have a greater positive 

reaction to takeover rumours compared to large companies.  

Company’s size has been mentioned as one of the factors that determine whether a company 

is a possible target. Smaller firms are more likely to be targets than larger ones according to 

prior studies, because the cost of affecting a takeover may be relatively higher for larger firms 

(see e.g. Hasbrouck, 1985; Cudd and Duggal, 2000). Bettman et al. (2010) investigate this 

hypothesis in their study and find significant negative firm size effect, inferring that small 

firms are most affected by takeover rumours on IMB. Thus we anticipate that smaller firms’ 

stock prices will show greater positive trend in response to takeover rumours. We will split 

the sample up into Small and Mid-cap companies and Large Cap companies. Small- and Mid-

Cap is companies with a market cap beneath $5billion on the day of the rumour. 
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(1.3) Repeated rumours: Repeated rumours will have more impact on stock prices 

than initial ones.  

DeMarzo et al. (2003) propose a model of opinion formation. Their results suggest that 

individuals fail to account for possible repetition in the information they receive.  Zivney et 

al.’s (1996) results show that initial takeover rumours have slightly higher pre-rumour 

publication run-up related to repeated rumours. The post-rumour returns were also relatively 

flatter over the one-year holding for initial rumours. Thus we expect that repeated rumours 

will have more impact on the stock prices then initial ones. Repeated rumours are defined in 

the data chapter. 

 

(1.4) Reliability of rumours: Takeover rumours from reliable sources will have 

higher impact on stock prices than takeover rumours only posted on 

RagingBull.  

Bettman et al. (2010) consider the reliability of takeover rumours. They conclude that firms 

with prior media speculation regarding a takeover have a higher abnormal return. In the same 

study they arrange takeover rumours obtained from Yahoo! Finance Message Board by star 

rating attached to them. Results show that rumours with higher star rating have significantly 

higher abnormal returns. Thus we expect takeover rumours from reliable sources to have 

more effect on stock prices.  

 

(1.5) True rumours: The market will show higher positive reaction to true takeover 

rumours. 

Bommel (2003) uses a rational expectations model to show that in a repeated game the only 

equilibrium is spreading honest rumours because spreading false rumours investors may lose 

their reputation. However, the Internet has changed how rumours are spread around. Today 

people can write anonymous comments on IMB making it easier to spread false rumours 

around than before. Zivney et al. (1996) found out in that rumours, which turn out to be true, 

experience higher pre-rumour publication gains, which are followed by additional positive 

abnormal returns in the one year post-rumour period. The financial market reacts to both false 

and true rumour, which is inconsistent with Bommel’s (2003) model, but true rumours have a 
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larger impact on stock prices related to false ones. Thus we anticipate the same results in our 

study, that true takeover rumours will experience higher gains than the false ones during the 

event window. 

The above hypotheses are summarized in table 1 along with the expected reactions.   

Hypotheses	   	  	   	  	   Expected	  reaction	   	  	   	  	  

Main	  hypothesis:	   	  	  
	   	   	   	  

	  
All	  rumours	  

	  

Positive	  overreaction	  to	  all	  takeover	  rumours	  

	   	   	   	   	   	   	  Sub-‐hypotheses:	  
	   	   	   	   	   	  

	  
Company's	  size	  

	  

Rumours	  have	  greater	  impact	  on	  smaller	  firms.	  

	   	   	   	  

	  
Repeated	  rumours	  

	  

Repeated	  rumours	  have	  greater	  positive	  impact	  
on	  stock	  prices	  

	   	   	  

	  
Rumours	  reliability	   	   Rumours	  from	  reliable	  source	  will	  have	  greater	  

positive	  impact	  

	   	   	   	  

	  
True	  rumours	   	   The	  market	  will	  show	  higher	  positive	  reaction	  to	  

true	  rumours	  
	  	   	  	   	  	  
Table 1 – Hypotheses for event study 

	   	  
	  

2.4.2 Hypotheses	  for	  regression	  
For some years, studies on M&A have tried to characterize which variables are likely to 

influence the likelihood of a company being a takeover target. Many hypotheses have been 

put to the test, in an effort to distinguish between companies that are likely targets and the 

ones that are less likely to be targets. Among the ones that have been widely tested are 

inefficient management, size, undervaluation and leverage of the target firm as well as 

acquisition activity in firm’s industry (see Hasbrouck, 1985; Palepu, 1986; Cudd and Duggal, 

2000; Rohdes-Kropf and Viswanathan, 2004; Brar et al., 2009). We will therefore put the 

rumoured companies to the test and see if it is possible to build a model that can predict if the 

rumours are false based on those hypotheses.  

We will build our hypothesis particularly on findings by Palepu (1986) and Brar et al. (2009). 

In our attempt to find likely takeover firms within our sample of rumoured companies we 

identify certain firm oriented variables with potential discriminatory ability to develop a 

takeover likelihood prediction model.  
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(1) Inefficient management: Firms that have inefficient management are more likely to 

be acquired. 

The inefficient hypothesis has been widely discussed through the years (Palepu, 1986; Powell, 

2004). It is based on the theory that underperforming firms are more likely takeover targets 

than others. Takeovers are seen as a mechanism to replace a management that fail to 

maximize the market value of the firm. In order to measure inefficiency we use ‘Profit 

margin’, ‘Return on Assets’ (RoA), ‘Return on Sales’ (RoS), ‘Sales Growth’ and ‘Asset 

Turnover’. According to the hypothesis, firms with lower RoE, RoS, Profit margin and Sales 

growth should be more likely takeover targets. We therefore expect a negative coefficient in 

our model.  

(2) Firm size: Larger firms are less likely to be takeover targets.  

The theory is based on the fact that there is always some transaction cost associated with 

acquiring a company. Integration of companies and fighting a long battle for the target 

company are among those cost facing an acquiring company. The hypothesis states that these 

costs increase with target firm’s size. We test this theory by including Market Capitalization 

and Sales in our model. We anticipate a negative sign for the size coefficient in our model. 

Market capitalization is calculated by using outstanding shares stated reported in annual 

reports prior to the rumour and price on the day rumour is published.   

(3) Undervaluation: Firms that are lower-priced are more likely to be acquired. 

The undervaluation hypothesis states that firms that are ‘cheap’ are more likely to be 

acquired. It has been used in other studies such as Palepu (1986), and Brar et al. (2009). To 

measure undervaluation we make use of Price/Earnings ratio (P/E), Price/Book ratio (P/B), 

Dividend yield and Tobin’s Q ratio. Prices on publication date of rumours are used, while 

earnings and book value are obtained from annual reports. Higher P/E, P/B and Tobin’s Q 

ratio indicates that a company is overvalued thus we expect a negative sign for these 

variables. Dividend yields show how much company pays out in dividends each year relative 

to its share price. Therefore dividend yields are expected to have a positive coefficient.  

(4) Leverage: Financially distressed firms with higher levels of debt on their balance 

sheets are more likely to be a takeover target. 
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This hypothesis assumes that financial distressed companies are more vulnerable to 

acquisitions, as their likelihood of insolvency is higher. However, the increase of leveraged 

buyouts (LBOs) can have opposite effect. Here funds tend to buy cash rich and undervalued 

companies and use leverage to finance their transaction (Brar et al., 2009). In that case higher 

leveraged have negative impact on the takeover likelihood. We use Debt/Assets and 

Debt/Capital ratios to test this hypothesis. We expect the coefficient to be negative for the 

variables as we anticipate that the insolvency factor will weigh more than the influence of 

LBOs.  

(5) Industry disturbance: Firms in an industry subject to ‘economic disturbance’ are 

likely takeover candidates.  

This hypothesis is familiarized by Gort (1969) who maps merger waves across industries and 

over time (see also Palepu, 1986; Cudd and Duggal, 2000; Brar et al., 2009). He argues that 

mergers happen when market participants differ in evaluation of firms caused by economic 

shocks such as changes in technology, industrial structure and regulatory environment. 

According to the economic disturbance theory, acquisitions come in waves within similar 

industries. The usual method here is to introduce a dummy that takes the value of one if at 

least one acquisition occurred in a firm’s industry in the prior year of rumour. Since we are 

studying a period that was known for its large numbers of M&A (Zephyr, 2011) and almost 

all of the firms in our sample are in an industry where at least one acquisition occurred in the 

prior year. We developed a new method of measuring the industry disturbance. We therefore 

use a dummy that takes the value one if the firm is in an industry that was on the top 10list 

over industries with the most acquisitions.  

Other variables that are used in our study are, first, a dummy variable that is assigned the 

value one if the rumour has its origin in a reliable source and, second, a dummy variable that 

takes the value one if a prior rumour has been posted within the last three months prior to the 

rumour. Hypotheses on those variables have been developed for the event study. With regards 

to In the case of the regression we expect both variables to have positive coefficients. Thus 

reliable source and prior rumour will have higher effect on takeover likelihood.     

The above hypotheses and variables are summarized in table (2). The expected signs for each 

hypothesis are shown indicating whether the likelihood is expected to increase or decrease 

with an increase in the given variable. Formulas for the different variables can be found in 

appendix 1.  
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Hypotheses	   	  	   Variables	   	  	   	  	   Expected	  sign	  
(1)	  Inefficient	  Management	   	  

	   	   	   	   	  
	   	   	   	  

Profit	  margin	  
	   	   	   	  

	   	   	   	  
Sales	  Growth	  

	   	  
Negative	  

	  
	   	   	   	  

Return	  on	  Assets	  
	   	   	   	  

	   	   	   	  
Return	  on	  Sales	  

	   	   	   	  
	   	   	   	  

Asset	  Turnover	  
	   	   	   	  

	   	   	   	   	   	   	   	   	   	  (2)	  Firm	  size	  
	   	   	   	   	   	   	   	  

	   	   	   	  
Market	  Cap.	  

	   	   	   	  
	   	   	   	  

Sales	  
	   	   	  

Negative/Positive	  

	   	   	   	   	   	   	   	   	   	  (3)	  Undervaluation	  
	   	   	   	   	   	   	   	  

	   	   	   	  
Dividend	  yield	  

	   	   	   	  
	   	   	   	  

Price/Earnings	  
	   	  

Negative	  
	  

	   	   	   	  
Price/Book	  

	   	   	   	  
	   	   	   	  

Tobin's	  Q	  
	   	   	   	   	  

	   	   	   	   	   	   	   	   	   	  (4)	  Leverage	  
	   	   	   	   	   	   	   	  

	   	   	   	  
Total	  Debt	  to	  Total	  Assets	  

	   	   	  
	   	   	   	  

Total	  Debt	  to	  Total	  Equity	  
	  

Negative/Positive	  

	   	   	   	   	   	   	   	   	   	  
	   	   	   	   	   	   	   	   	   	  
	   	   	   	   	   	   	   	   	   	  (5)	  Industry	  Disturbance	  

	   	   	   	   	   	   	  
	   	   	   	  

Dummy	  if	  a	  rumoured	  company	  is	  in	  an	   Positive	  
	  

	   	   	   	  
industry	  which	  is	  on	  the	  top	  ten	  list	  over	  

	   	  	  	   	  	   	  	   	  	   over	  the	  most	  acquisitions	  in	  the	  period	   	  	   	  	  
Table 2 - Acquisitions likelihood hypothesis and independent variables for regression 
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3 Method	  and	  theory	  

3.1 Research	  design	  
The main part of this study is that of an event study. The specific event will be takeover 

rumours and the economic impact on the associated security’s stock price will be examined. 

Stock prices are examined around the time of the event applying different time intervals to 

answer our main problem statement and the associated hypothesises of how the markets react 

to takeover rumours.  

In the second part of this study we will try to utilize the knowledge from the event study and 

apply an investment strategy by trying to identify the false rumours, as these are expected to 

show the largest overreaction. In order to do this we will apply a takeover likelihood model. 

This will be in the form of a logistic regression. We will try to form a profitable investment 

strategy on the results from the event study and the takeover likelihood model. Finally we will 

discuss the risk of such a strategy and apply behavioural economics in order to answer why 

investors react irrationally to some takeover rumours. The following figure will give an 

overview of how the assignment is constructed. 

 
 Figure 1: Research Design of the Study 
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3.2 Methodology	  
The purpose of this sector is to outline the choice of methods and theory. The choice of 

methodical approach needs to be aligned with the predefined problem statement. As stated 

above this study wishes to describe the economic impact on a company, which is subject to a 

takeover rumour. This will be followed by examination of sub-groups of rumours. A suitable 

method to answer this problem will be to utilize the event study method. This method tries to 

capture the economic impact on a company through the reaction to its stock price. 

Subsequently we will do a regression analysis on the rumoured targets to examine if there is 

difference in characteristics between target and non-target companies. The chapter will offer a 

thorough review of these two models though firstly we will briefly review the underlying 

philosophy of the study.  

In our research we use a deductive approach. Deductive theory describes the relationship 

between theory and social research, where the researcher deducts hypothesis or hypotheses on 

the basis of what is known about a particular domain. Hypotheses’ must then be subjected to 

empirical scrutiny (Bryman, 2008). First the theory and hypotheses, derived thereof, are put 

forward followed by a data collection process.   

By applying data to the hypotheses, we are trying to test if reality in some way complies with 

the theories, which the hypotheses are derived from. In social sciences, different doctrines 

have been introduced, to study the social reality. Among those doctrines is creative realism, 

which we will draw upon in our study.  

Critical realism “is a specific form of realism whose manifesto is to recognize the reality of 

the natural order and the events and discourses of the social world” (Bryman, 2008:14). The 

social world will only be understood and changed through the structures that generate those 

events and discourses. These events “can only be identified through the practical and 

theoretical work of the social science” (Bhaskar 1989:2, cited in Bryman 2008). Critical 

realists importantly recognize that the models used to describe the world are not a perfect 

copy of the reality. In fact, reality is often much more complicated then the output of the 

models show. As critical realists, we are also content to admit that our theoretical terms will 

not be directly observable. There will always be variance between our theories, conclusions 

and reality. It can even be dangerous to follow the models blindly without critical thinking, as 

N.N. Taleb (2007) points out in his book “The Black Swan”.  
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3.2.1 Event	  Study	  
This chapter offers a review of the event study methodology and the steps required for 

conducting an event study. It will mainly take part in the two much recited articles on event 

studies by MacKinlay (1997) and Strong (1992). As defined by Norman Strong (1992): “A 

event study is the name given to an empirical investigation of the relationship between 

security prices and economic events” (Strong, 1992:533). An event study, in economics or 

finance research, is an analysis of whether there is a statistically significant reaction in the 

financial markets to past occurrences of an event of a given company. This can be either 

internally or externally related events. The event study methodology applied in this study is 

with some modifications the same as introduced in 1969 by Fama et al. They were the first to 

use this specific methodology, examining the effect of the announcement of a stock split on 

stock prices (Binder, 1998).  

In this study the examined relationship is between the event, takeover rumour, and the stock 

price, which again acts as a measure of the economic effect on the rumoured company. When 

applying an event study using daily stock prices it is very important to obtain accurate and 

reliable data as otherwise it would not make sense to connect the event and related change in 

stock price (Strong, 1992). When dealing with rumours the reliability of the information is of 

course questionable but this will be addressed later in the chapter 4 on data.  

Event	  window	  

The first step in an event study is to define the event window. The event window should 

capture the abnormal return that the event is expected to create. The shorter the period is the 

more likely one is to only capture the effect of the specific event. Nonetheless MacKinlay 

(1997) states that in practice there is a trade-off as it is customary to define the event window 

to be larger than the period of interest in order to capture the whole effect of the event. If there 

is uncertainty of the exact event date, using a 2 or 3 day event window does not decrease the 

statistically power significantly, while one gets more certain of capturing the effect of the 

event. In the takeover rumour literature scholars applying daily return use event windows of 1 

to 3 days around the event day (Zivney et al., 1996, Gu et al., 2006) while others such as 

Clarkson et al. (2006) use intervals down to 10 minutes to capture the immediate effect.  

Estimation	  window	  

The estimation window is used to calculate the correlation with the market index. The 

estimation window can range from 800 days to 60 days depending on the length of the event 
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study; being yearly, monthly, daily or hourly returns (Strong, 1992). In most studies that 

employ daily return, they use a 160-day period prior to the event (-200;-40), excluding the 

event window as the coefficients otherwise would become biased (MacKinley, 1997). This 

period is adequate for making a proper estimation of beta (Brown and Warner, 1985). The 

period is short enough to take account of the most recent price movements to avoid systemic 

risk changes and long enough to keep the variance of daily returns to a minimum (Strong 

1992). Therefore we will also apply a 160-day estimation window in our study.  

Benchmark	  Index	  

A security’s price performance can only be considered ‘abnormal’ relative to a particular 

benchmark. Thus a benchmark index needs to be determined before conducting the event 

study. The index needs to live up to two requirements; first of all the index needs to measure 

the systematic risk in the market and secondly it needs to represent the stocks used in the 

event study though without being perfectly correlated with them (Strong, 1992). We will 

make use of CRSP’s equally-weighted index. Both Strong (1992) and Brown and Warner 

(1985) suggest that an equally-weighted index is used as it is more powerful than a value-

weighted index. In a study by Brown and Warner (1985) on a random selected sample of 

securities they showed that returns are more highly correlated with an equally-weighted index 

which means that there is higher accuracy in measuring both the systematic risk against the 

market as well as the residuals. 

Calculating	  Abnormal	  Return	  

There are two methods to calculate the effect of events of securities. One is measuring 

abnormal return5 while the other is to form a buy and hold-strategy. The latter is mostly used 

when testing monthly- or yearly event windows, thus we will not look further into the buy and 

hold-method. There are several different models used to calculate the abnormal return in 

event studies using daily return. The most common of these is the market model introduced 

by Fama et al. (1969) (Strong 1992, MacKinlay 1997). There are quite a few other models 

used in event studies.6 Two of them, the constant mean model and the market return model, 

will also be utilized in this study though only as control for the market model (see appendix 2 

for model equations). 

                                                
5Yet other studies use expected accounting-based performance measures instead of return in the event study. 
This method is especially used when comparing companies in the same specific industry (Barber and Lyon, 
1996) 
6See Strong (1992) for a full review of these abnormal return methods. 
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The Market Model 

The market model is a model that relates the return of a security to a predetermined market 

portfolio. The degree of the security's responsiveness to the market is measured by beta while 

the alpha-term represents the unique attributes of the security:  

!!,! = !! + !!!!" + !!",   (1) 

where  ! !!" = 0  and !"# !!" = !!!
!  

The market model assumes that !!,! is a systematic component linearly related to !!" and that 

!!" is the unsystematic component, unrelated to  !!", which captures the effect of the firm 

specific event. Hence the abnormal return (here after ARi,t) of a given event can be presented 

as: 

!!" = !!,! − (!! + !!!!"),  (2) 

where Ri,t is the realized return of security i at time t.  

The beta and alpha between the security and the chosen market index will be estimated using 

the individual securities and market return in period of the estimation window. 

When the abnormal returns for the individual securities have been calculated the average 

abnormal return for all securities will be computed by: 

!!"! =   
!"!,!

!!
!!!
!!

,     (3) 

where n is the number of securities in the sample 

The cumulated abnormal return (CAAR) which shows the cumulated return over time is used 

as a measurement for the abnormal return over a given different event period from t1 to t2 is 

then computed using the following equations (Binder, 1998): 

!""#!!,!! =    !!"!
!!
!!    (4) 

This is the value, which is used to test if there is significant impact from the studied event on 

the different periods set up prior to the study (pre-event windows, event window and post-
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event windows). There are several techniques to test the significance of the abnormal return. 

They will be put forward in the next section. 

To conclude this section the reasons for choosing the market model to calculate the abnormal 

return is that it offers smaller variances of abnormal return (relative to raw returns) which 

makes the statistical test more powerful. It also results in smaller correlation across security 

consistency (Strong, 1992) 

Statistical	  test	  of	  the	  event	  study	  

One of the assumptions behind the market model is that the abnormal returns are identically 

and independently distributed (Brown and Warner, 1985) and that the mean abnormal returns 

converge towards normality as the sample size increases, meaning that the central theorem 

holds (Strong, 1992). 

There are many factors that influence the power of the event study, where several of these are 

related to the quality and characteristics of the event sample. Firstly as MacKinlay (1997) 

comments there is a great association between the size of the sample and the power of the 

study (see appendix 4). Another important factor is the spread of the events, which is related 

to the independence of the events. 

Nonsynchronous trading on the securities also has a great effect on the estimation of 

parameters and abnormal returns. It decreases the power of the study if there is low trading in 

the securities used. This can be avoided by only using securities from the leading stock 

exchanges (Binder, 1998) 

Another test of the power of the model is the sign test. This test checks if there is a few 

securities with very large positive or negative returns that drives the results. It is found by 

calculating the proportion of positive returns minus 0,5 divided with the standard deviation of 

a binomial distribution (Boehmer et al., 1991).  

The	  null	  hypothesis	  

To check for the statistically significance of the abnormal return for each event period a 

simple null hypothesis approach is used. The null hypothesis is that there is no difference 

between the expected return of a security  !!,! and Ri,t the actual return. The test statistic is then 

the ratio between the difference of expected and actual return to its estimated standard 

deviation (see appendix 2 for calculations). If as earlier stated the ARi,t is assumed to be 

independently and identically distributed, then a cross-sectional estimate of the true standard 



33 
 

deviation σ(ARi,t) can be calculated. The same if AARt is independent over time the standard 

deviation for CAARt can be calculated from equation X (Binder, 1998). In the study this will 

be used to test the significance of the different event periods:  

! !""#!!,!! = !(!!"!)
!!
!!!!

!
! (5) 

Misspecification	  due	  to	  heteroskedasticity	  and	  variance	  increase	  

There can be problems with the hypothesis testing if the abnormal return estimators are not 

independent or if they do not have identical variance as it might cause model prediction 

errors. This can be the case if for example the estimators are cross-sectionally correlated in 

time or if there is different variance across the firms included in the study.  There are several 

methods proposed to deal with these potential problems. One of them is standardizing the 

abnormal returns by dividing them with their estimated standard deviations. Then the standard 

deviation of these standardized AR is calculated cross-sectionally in the event period 

(Boehmer et al., 1991). Even though there is a potential theoretical possibility of 

misspecification of the model, Binder (1998) states that in practice some of these problems 

can be ignored especially if the events are “randomly dispersed through calendar time, i.e. the 

events are not in the terminology of Brown and Warner (1980), “clustered”.” (Binder, 

1998:116). If they are, then cross-sectional dependence will be a minor problem. Likewise, 

when the estimation period is relatively longer than the event period of the study, time series 

dependence in the AARt’s is unimportant. Thus this study will use the regular AAR and CAAR 

and not the standardized versions. 

The final event study model will be constructed with the use of excel, where several different 

models will be conducted from the main sample and the different sub-groups. The set up and 

results will be put forward later in the paper.  

3.2.2 The	  regression	  
In the attempt to model the takeover likelihood of companies that are target of a takeover 

rumour, we will make use of a logistic regression model.  

Linear regression models, commonly used in statistics assume that the dependent variable Yi 

is a quantitative variable while the explanatory variable, Xk’s, are either quantitative, 

qualitative (or dummy), or a mixture thereof (Gujarati and Porter, 2009). As a result, Xk’s 

have no restrictions on the value they can take on, except that they not be exact linear 

combinations of each other. Since there are no restrictions on the Xk’s, the dependent variable, 
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Yi can take on any value from negative infinity to positive infinity (Aldrich and Nelson, 1984). 

However the nature of probability calculations is that values must be between zero and one in 

order to interpret the results. Thus, it can be problematic if Yi can take on any value when 

trying to analyse the results. The obvious solution is to use a linear probability model (LPM) 

that places restrictions on the Yi’s. Linear probability model is simple to estimate and apply 

but the model has several drawbacks. LPM is plagued with problems, such as the possibility 

of heteroscedasticity and non-normality of disturbances, ui.  

These limitations of the LPM model can be overcome with the use of more sophisticated 

binary response model.  

Our interest is that the response in the response probability 

! ! = 1 ! = ! ! = !!, !!,… , !! ,  (6) 

where x is used to denote the full set of explanatory variables. The dependant variable, y is 

restricted and can only take a value between 0 and 1 while the independent variables, x1 can 

take on any value.   

The	  Logistic	  Model	  

The linear probability model assumes that the dependant variable is linear in a set of 

parameters, !!. In order to avoid the limitations of the LMP we introduce the binary response 

models of the form: 

! ! = 1 ! = ! !! + !!!! +⋯+ !!!! = !(!! + !") (7) 

where G is a function taking on values strictly between 0 and 1 for all real numbers z. In the 

logistic model (hereof logit model) the G is the logistic function:  

!(!) = !
!!!!!

=    !!

!!!!
    (8) 

which takes the value between 0 and 1 for all real numbers z. This is the cumulative 

distribution function (cdf) for a standard logistic random variable (Wooldridge, 2002). G(z) is 

the probability function, Pi.  
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It can been shown that as Zi ranges from -∞ to +∞, G(z) ranges between 0 and 1 and that G(z) 

is nonlinearly related to Zi.7 

 

 
 Figure 2 

Because Pi, the probability function, is nonlinear both in the X’s as well as in the β’s, we 

cannot use the familiar Ordinary Least Squares (OLS) procedure to estimate the parameters. 

In order to solve this problem we have to start by changing the probability function from Pi to 

(1 –Pi). With other words if Pi is the probability that a company will be taken over than (1 – 

Pi) is the probability that a company will not be acquired.  

1  − !! =   
!

!!  !!!
     (9) 

We can therefore write: 

!!
!!!!

=    !!!
!!

!!!!!!
=   !!!     (10) 

The ratio Pi/(1 – Pi) is simply the odds ratio in favour of a company being a takeover target-

the ratio of the probability that a company will be taken over to the probability that it will not 

be taken over. If for instance, Pi = 0.2, it means that odds are 1 to 4 in favour that the 

company will not be taken over.  

Now if we take the natural log of Equation (10), we obtain,  

!! = ln !!
!!!!

  =   !! =   !! +   !!!!   (11) 

                                                
7When!! → −∞  !ℎ!"  !!!! → 0  !"#  !! → +∞  !ℎ!"  !!!! → 1     

0	  

0,5	  

1	  

0	  

The	  logisPc	  funcPon	  

-‐∞	   +∞	  
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Li, the log of the odds ratio, is now both linear in the X’s as well as in the parameters. Li is 

called the logit, and from there comes the name logit model.    

The characteristics of the logit model make it very attractive to use in our study. Gujarati and 

Porter (2009) mention few of those features. First, as P goes from 0 to 1, the logit L goes from 

-∞ to +∞, although the probabilities lie between 0 and 1, the logits are not bound. Secondly, 

even though L is linear in X, the probabilities themselves are not (see figure 2). If the L is 

positive it means that the regressor(s), as they increase in value, have positive impact on the 

probability of an event happening, and vice versa. Finally, the logit model assumes that the 

log of the odds ratio is linearly related to Xi while the linear probability model assumes that Pi 

is linearly related to Xi. That means when Xi is large and increases (well to the right from 0 on 

the graph), than that changes has less impact on the probability than if Xi was closer to 0. The 

difference in probability between two large companies, i.e. Google and Microsoft, should be 

smaller than between a small company and a large company.  

To estimate parameters in the model we employ the Maximum Likelihood method. Maximum 

likelihood estimation is a method where the parameters are chosen in order to give the 

observed data the greatest probability.  

3.2.3 Summary	  
In the event study we will utilize an event window that begins the day before the event and 

ends the day after. We will though also present other periods in order to investigate the long 

run impact of rumours on stock prices. We will base our estimation window on the period 

from -200 days to -40 days prior to the event.  The benchmark index will be the equally-

weighted index as that gives the best results. Our model will be built upon the market model 

although we will also present the Constant Mean Model and the Market Return Model in 

order to validate the results. We will use the Excel program to build up our event study.  

The takeover likelihood model that we will later develop will be based on the logit model 
presented above. The SAS software is used in regression.  
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4 Data	  Collection	  
This section is a review of the choice of data. It will present how the data was obtained and 

examined to test if it fits the conditions set up prior to the study. Two kind of data was used in 

this event study; the actual rumours for the event sample and the firm specific and market 

related data such as stock price, indices, market cap etc. 

Earlier studies on takeover rumours have used both newspapers (Zinvey et al, 1996; Pound 

and Zeckhouser, 1990) and Internet discussion forums (Spiegel et al, 2010; Clarkson et al, 

2006; Tumarkin and Whitelaw, 2001) as the main source to identify the specific rumours.  We 

have chosen the Internet discussion forums, also known as stock message boards as a wide 

range of market participants, both private and institutional investors, are known to make use 

of these Message Boards in collecting information on securities (Das et al, 2005). The most 

known Internet discussion forum is Yahoo!Finance, which accounts for more than 2 million 

posts concerning stocks and stock news every year (Wysocki, 1999). Another widely used 

discussion forum is ragingbull.com, which accounts for over half a million yearly posts. We 

use Ragingbull in order to identify the rumours, as this is the only forum which stored data for 

the period of interest. Unfortunately, Yahoo!Finance has discontinued the access to data prior 

to 2009. 

We searched for rumours that appeared on the site during the period from July 2005 till June 

2007. The time period for this study is chosen based on the need for having takeover 

information a year after the event. We choose this period, as we believed that the M&A 

market had very difficult conditions during the financial crisis thus showing a distorted 

picture of the reaction to rumours as so many other factors come into play. The following 

period the market shows bear characteristics where stock returns are below average. Thus, by 

avoiding this period we get a more uniform picture. In the chosen time span around 1,2 

million messages were posted on Ragingbull, which shows how popular the site is and gives 

us the belief that the final sample of events would be of a suitable size. 
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4.1 Rumour	  filtering	  process	  
Similar studies (Antweiler and Frank, 2004; Gu et al., 2006; Bettman et al., 2010) have 

developed web crawler software programs to download all messages and then subsequently 

applied an algorithm to identify posts, that contained keywords regularly used in takeover 

rumour messages. This process is out of our reach, as we do not have the required 

programming skills.  

Instead we apply a search method utilized in several other studies (Spiegel et al., 2010), where 

a handful of keywords used in posts containing takeover rumours were identified.  Thus in 

order to track down the takeover rumours from the Ragingbull site we sort the posts by using 

the site’s search function employing the following keywords; takeover, buyout and merger 

combined with rumour, target or speculation. This search results in close to 4000 posts, 

which we subsequently examine thoroughly for the content. The posts claiming that a 

particular stock “should” or “could” be a takeover target was excluded, as we believed these 

rumours were too vague and merely represented wishful thinking. We select the takeover 

rumours that either: refer to another source, such as news articles or business blogs, 

mentioned the potential acquiring company or referred to an increase in the volume of the 

particular stock as sign of an event happening. This search results in a sample of 153 different 

rumours. Of these, 47 rumours are filtered out. There are 5 double posts (rumour on same 

company within the same week) and 22 same-day rumours, which we filter out as they 

represented the same rumour. It would also be problematic to include them in the study as the 

events days would be too close thus weakening the statistically significance of the model (this 

will be elaborated on in the section of event study methodology). Further 15 events are 

removed because the stocks are listed on OTC or pink-exchanges, meaning that the daily 

traded volume of the stock can vary a great deal thus making the stock prices very volatile and 

impossible to use in an event study (Strong, 1992). The companies are also examined to see if 

there are other significant events around the time of the rumour. These other events, such as 

quarterly or yearly reports, can also have an effect on the stock price making it impossible to 

say what the effect of event of interest would be. Two companies are removed from the 

sample as they were newly listed therefore making it impossible to calculate the correlation 

with the market. Table 3 shows the selection process. Thus we end up with a final sample of 

106 rumours (see appendix 3 for names and dates for all rumours). 
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Samples	  and	  exclusion	  reasons	   Observations	  

Initial	  Sample	   153	  

Not	  listed	  at	  AMEX,	  NASDAQ	  or	  NYSE	   -‐15	  

Same	  Rumour	  Reposted	   -‐5	  

Newly	  Listed	   -‐2	  

Same	  Day	  Rumour	   -‐22	  

Other	  Sign.	  Event	  in	  the	  event	  window	   -‐3	  

Final	  Sample	   106	  

Table 3 

	  
Security	  Prices	  and	  Index	  

Several well-recognized databases are utilized to collect data for the event study model. After 

the final sample is created, the daily returns for the securities are obtained from the CRSP 

database, which contains historic stock prices for all listed American companies. We use daily 

return excluding dividends to be able to compare it with the index as it is without dividend as 

well. If the event happens on a non-trading day the following trading day is used. This is the 

case for 15 of the events. 

The benchmark index is also obtained from CRSP. They have an equally-weighted market 

portfolio (including ADRs), which is well recognized as a measure for the market index 

(MacKinlay, 1997). This index is applied as the sample includes stocks from NYSE, 

NASDAQ and AMEX; hence an index that covers all American stocks is needed. 

4.2 Classification	  of	  sub-‐groups	  

Large	  vs.	  Small-‐	  and	  Mid-‐cap	  rumour	  

There are many different values utilized to define the difference of Large Cap and, Small- and 

Mid Cap companies. We use a market cap of $5 billion to split the two groups. (XX source) 

This means that we can split the sample into two almost equal groups with 48 Small- and Mid 

Cap securities and 57 Large Cap. To calculate the market cap we make use of the closing 

stock price of the day of the rumour from CRSP and the number of outstanding shares from 

the latest quarterly report (Bloomberg).  
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First	  vs.	  Repeated	  rumour	  

A new rumour is categorized as a rumour where no rumour of that security has appeared in 

the four months prior to the posting date on Ragingbull. Rumours that had been circulating on 

Ragingbull within that period are categorized as repeated rumours. This definition is also 

exploited in other takeover rumour articles such as Spiegel et al. (2010). We do the 

characterization by examining the dates, in case there is more than one rumour per security. 

Eleven of the rumours are categorized as repeated rumours in our sample.  

Ragingbull	  vs.	  Other	  Source	  

In relation to the prior categorization we also divide the rumours into two groups; one for 

rumours which only appear on Ragingbull and one for rumours with another source. “Another 

source rumour” is defined as a rumour that is also referred to or published in one of the major 

online news media, such as Reuters, NY Times or AP. This characterization is also used by 

Bettman et al., (2010). In our study there are 33 of the rumours, which we can only locate on 

Ragingbull. We search on the M&A database Zephyr, which also covers rumours and 

conducted a general search on Factiva the week surrounding the rumour date. 

True	  vs.	  False	  Rumour	  

A rumour is said to become true if there is an actual acquisition within a year of the rumour 

being published (Zivney et al., 1996). The database Zephyr is employed to detect if there has 

been any M&A activity in the year after the event. 20 percent of the sample, representing 15 

companies, are taken over in the 1-year period following the event, resulting in 24 of the 

rumours are true.  

We hoped to collect a bigger sample to increase the statistical power of the study. 

Nevertheless it is still large enough to study the return patterns of the group. 
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4.3 Data	  on	  regression	   	  
A large part of this study is the collection and preparation of data. As mentioned before, we 

search for rumours online on Ragingbull. We use Bloomberg as our primary source for 

collecting accounting data on each firm. Where data is missing we employ Compustat and 

Thomsen Research as well as annual reports of the firms. Companies from the financial sector 

are not included in this part of the research due to the distinct interpretation of many financial 

ratios in the industry (Brar et al, 2009). Our original dataset includes four companies from the 

financial sector (by SIC code). Due to lack of accounting information we are also forced to 

leave Geoglobal Resources Inc. (GGR) out of the sample.   

Samples	  and	  exclusion	  reasons	   Observations	  

Initial	  Sample	   91	  
Not	  enough	  information	   -‐1	  
Companies	  from	  the	  financial	  sector	   -‐4	  
Final	  Sample	   86	  
Table 4 

	  We end up with 86 rumoured companies after filtering our dataset (table 4). Out of those 86 

companies, 15 were acquired within a year. We obtain data for 12 accounting and financial 

variables straight from Bloomberg and calculate another 4 variables by using data from the 

same source. We have to leave out two variables, ‘Return on Equity’ and ‘Debt to Equity’, as 

4 of the rumoured companies have a negative Shareholder’ Equity. Another 2 variables are 

left out due to missing data for several firms; these are ‘Debt to Capital employed’ and ‘3-

year sales growth’.  

In order to obtain data on the number of acquisitions in individual industries for the Industrial 

Disturbance variable we use data from the Zephyr database. We conduct a search of the SIC-

codes collected for the event study and locate the five industry groups with most takeovers 

over the studied period. 

We construct another two dummy variables, ‘Repeated Rumour’ and ‘Other Reliable Source’ 

which are based on the event study sub-groups obtained from Ragingbull and other sources.  

In variables where the stock price is employed in the calculation, we use the CRSP database 

on American stocks to retrieve stock information on company at the day of the rumour.  
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4.4 Data	  Characteristics	  
This section will cover the characteristics of the companies of the different events and the 

event itself. Firstly there will be a review of company statistics and hereafter a review of the 

sub-groups. Finally we will go through the characteristics of the data sample for the 

regression.   

4.4.1 Sample	  analysis	  for	  event	  study	  
The characteristics of the sample securities are examined to investigate if the sample is 

unrepresentative relative to the market index. We will examine the size, stock exchange 

distribution, industry and date, as the event study results can be spurious if there is an 

anomaly in one of these groups. 

Spread	  in	  firm	  size	  

Especially the spread of size of the sample can have a significant impact on the findings of the 

event study. According to Strong (1992) empirical findings have shown that smaller 

capitalization securities in some countries have higher risk-adjusted returns than larger 

capitalisation stocks. Thus, if there is a higher presence of small-cap securities in the sample 

there is a higher likelihood of abnormal returns in relation to the overall market index. 

Though Dimson and Marsh (1986) find that if the event window is small enough the bias 

introduced by misspecification compared to the index is very likely to be insignificant in 

relation to the event related return. However as we are investigating the long run effect of 

rumours on stock prices as well there might be some issues by misspecification of firm size. 

  Mean Median Max Min 

Market	  Cap	  (M$)	   26.827 5.847 469.603 11 

Table 5 – Source: Event Study Excel-file 

In our sample there seems to be a reasonable spread of market capitalization with both very 

small and very large companies represented (see table 5). The mean market cap is $26,8 

billion and the median is $5,8 billion, which is close to the split we defined between large and 

small- and mid-cap companies at $5 billion. Though given today’s median and mean, our 

sample has a quite higher value as the mean market cap of securities in the three exchanges is 

around $3 billion8. The market is still under the top level of 2007, prior to the crisis, but the 

difference is still quite large. However since our sample represents larger companies than the 

                                                
8www.nasdaq.com, of August 2011 
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3 exchanges together we should only expect our sample to have lower expected abnormal 

returns than if it was a perfect reflection of the US stock market. 

Exchange	  distribution	  

The event sample contains stocks from the 3 biggest exchanges in the US. Of the whole 

sample 57 stocks are listed on NYSE, 42 on Nasdaq and 7 on AMEX. Our data resample the 

full sample of distribution of American Stocks between stock exchanges.9Thus it reflects the 

same as the market index. There are also a few foreign companies in the sample though they 

are all listed on one of the mentioned stock exchanges through ADRs. 

Industry	  

The largest industry group in our sample is business services which includes 12 firms. Even 

though it does not indicate it, the main part of this group is computer software companies. 

This is not a surprise as there is a large M&A activity in that industry thus spurring ground for 

rumours. According to Zephyr this is the group with most activity in the period of the study. 

Communication companies are another group, which is expected to be highly represented in 

the sample (see table 6 for top-five industries). Eleven of the companies are single 

representatives of their industry. 

Industry Composition of Rumoured Takeover Targets  

1. Number of firms 90  

    Number of different 2 digit SIC Codes 26  

   

2. Most Common 2 digit SIC codes: SIC code Number of Firms 

Business services 73 12 

Electronics and other electrical equipment and components 36 10 

Industrial and commercial machinery and computer equipment 35 9 

Chemicals and allied products 28 8 

Communications 48 8 

Table 6 – Source: Event Study Excel-file   

                                                
9Given that it is the same distribution as in 2011 – NYSE: 3249, NASDAQ: 2812, AMEX: 539 securities 
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Time	  of	  event	  in	  the	  period	  of	  study	  

The dates are evenly spread over the 2-year period with a slightly higher occurrence of events 

towards the end of the period, spring 2007. This was also expected, as there was a high 

overall increase in M&A activity over the 2 years. In 2007 total M&A deal value was around 

$1,8 trillion up from $1,2 trillion in 2005 (Zephyr, 2011). However, there are 12 event dates 

with two rumours. This could cause a slight problem as the events are assumed to be 

independently spread-out over the period. Nevertheless we have chosen to ignore this as many 

studied prove that some clustering of events does not affect the rejection frequency of the H0-

hypothesis (Boehmer et al., 1991). 

4.4.2 Sample	  analysis	  for	  regression	  
With the purpose of building up our model we need to go through our data in order to identify 

problems that could impact our model and see individual variable’s predictability for the 

outcome.  

As we have more than one variable under each hypothesis, we need to know whether 

collinearity is present in our situation. A suggested rule of thumb is that if the pair-wise or 

zero-order correlation coefficient between two independent variables is in excess of 0.8, then 

multicollinearity is a serious problem (Gujarati, 2003). We obtain a correlation matrix from 

SAS and show results of variables that are highly correlated. The entire table can be seen in 

appendix (5).   

	  
RoS	   EBIDTA	  Margin	   Profit	  Margin	  

RoS	   1	   0,99753	   0,9849	  
EBIDTA	  Margin	   0,99753	   1	   0,97492	  
Profit	  Margin	   0,9849	   0,97492	   1	  
Table 7 – Source: Correlation Table Excel-file	  

	  Not surprisingly Return on Sales (RoS), EBIDTA Margin and Profit Margin are highly 

correlated (see table 7). Return on sales is a widely used ratio to evaluate a company’s 

efficiency. It is calculated as followed:  

!"#$%&  !"  !"#$% =    !"#$
!"#$%

   (13) 

EBIDTA Margin is a measurement of a company’s operating profitability. The formula for 

the ratio is:  
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!"#$%&  !"#$%& =    !"#$%&
!"#$%

   (14) 

Just as EBIDTA Margin, Profit Margin is a measurement of profitability of a company. It 

measures how much company is able to keep in earnings out of every dollar of sales. Profit 

Margin is calculated by using the following formula:  

The only factor that changes between the three formulas is the denominator. EBIDTA is 

earning before interests, taxes, depreciation and amortization while EBIT is earnings before 

interest and taxes. We choose to investigate all those variables as amortization and 

depreciation can different between industries. In an asset intensive industry amortization and 

depreciation is higher than in a human intensive industry. The variation in those variables is 

though low as high correlation, between 0,975 and 0,998, exists. Thus we will only use one of 

those variables in our model, the one that has the highest predictability. We therefore regress 

the variables individually and choose to use EBIDT Margin as it gives the best result (table 

10). 

Another variables are correlated in excess of 0,8 are Debt to Asset and Debt to Capital (see 

table 8).  

	  
Debt	  to	  Asset	   Debt	  to	  Capital	  

Debt	  to	  Asset	   1	   0,89729	  
Debt	  to	  Capital	   0,89729	   1	  
Table 8– Source: Correlation Table Excel-file	  

Debt to Asset equals total liabilities of a company divided by assets. This ratio indicates what 

proportion of the company’s assets is financed by debt. The only thing that is different with 

Debt to Capital is that we divide with the sum of shareholders equity and total liability. This 

ratio measures financial leverage of the company.  

In addition 1-year and 2-year sales growth are also correlated in the same way (see table 9).  

	  
1-‐year	  sales	  growth	   2-‐year	  sales	  growth	  

1-‐year	  sales	  growth	   1	   0,98814	  
2-‐year	  sales	  growth	   0,98814	   1	  
Table 9 – Source: Correlation Table Excel-file	  

 

In order to avoid the problem of multicollinearity we will not include the correlated variables 

at the same time in our regression.    
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Asset turnover is a variable used by Brar et al. (2009) in their prediction model. Asset 

turnover is calculated as follows:  

!""#$  !"#$%&'#   =    !"#$%
!""#$"

   (16) 

Asset turnover is a measure of how efficient firm is at using its assets in generating sales. It 

can be significantly different between industries. For example the communication industry 

has a low asset turnover while retailing usually has a high asset turnover (Penman, 2001). As 

our data involves companies from many industries, using this variable could be questionable. 

Brar et al. (2009) includes it in their regression and thus we will also use it in ours. This 

problem also applies to Return on Assets. But as we had to exclude Return on Equity from 

our data we will use it in our regression.     

 We will build our selection of variables in the regression both on the hypotheses as well as 

their ability to predict for takeover likelihood. Thus we have investigated each variable’s 

predictability individually on the dependent variable. The results are shown in table 10.  

 

 

 

 

 

 

 

 

 

 

We will use the results from the correlation as well as the individual predictability to choose 

what variable to include in the regressions at the same time.  

	  
Individual	  predictability	  

	  Hypotheses	  
	  

Estimate	   P-‐value	   Likelihood	  ratio	  

Inefficient	  
management	  

RoA	   -‐0.00110	   0.9126	   0.9115	  
RoS	   0.00446	   0.4137	   0.1691	  
EBIDTA	  Margin	   0.00508	   0.4009	   0.1568	  
Profit	  Margin	   0.00398	   0.4300	   0.1847	  
Asset	  Turnover	   -‐0.2344	   0.5727	   0.5585	  
1-‐year	  sales	  growth	   -‐0.00066	   0.7135	   0.5940	  
2-‐year	  sales	  growth	   -‐0.00003	   0.7776	   0.5584	  

Firm	  size	   Sales	   -‐0.00003	   0.2607	   0.1460	  
Market	  Cap.	   -‐0.00002	   0.3314	   0.1532	  

Undervaluation	  

Dividend	  yield	   0.1901	   0.4550	   0.4700	  
Tobin's	  Q	   -‐0.0890	   0.6148	   0.5815	  
P/E	  ratio	   0.00542	   0.1411	   0.1511	  
Market	  to	  Book	   0.0117	   0.3582	   0.3758	  

Leverage	   Debt	  to	  Asset	   -‐0.00939	   0.5292	   0.5065	  
Debt	  to	  Capital	   -‐0.00206	   0.7581	   0.7476	  

Table 10 – SAS output (Correlation Table Excel-file)  

Colours represent the highly correlated variables 
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5 Quantitative	  analysis	  
This chapter will subsequently present the results and analysis of the event study. It will begin 

with an assessment of the outcome of the market model for all rumours, where the AARs 

around the event and CAAR of the small and large event window will be presented and 

compared with the results from the two benchmark models, the constant mean and the market 

mean model. This will be followed by a response to the main hypothesis on the reaction of the 

financial markets to takeover rumours in general. The results of the event study will be 

provided in such order that the hypotheses put forward in chapter 2 are answered in numerical 

order where possible. 

Furthermore a sub-analysis will be put forward which will present the results of the sub-group 

sets and look into the difference between the two samples, outcome of the CAARs and relate 

this to the sub-hypotheses presented in chapter 2.  

In the second part of this chapter we will attempt to develop a takeover likelihood model 

based on the hypotheses put forth in chapter 2. From the results we will come up with a 

suggestion on how this knowledge of the reaction in the financial market to different rumours 

can be translated into an investment strategy. Lastly we will investigate if the takeover 

likelihood model is able to improve the returns of an overall investment strategy of short 

selling all rumours.  

5.1 Event	  Study	  

 
Figure 3 

The figure above shows the definition of time periods referenced in the study. The next 

sections will review the length and motivation behind classifying these periods. 
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Event	  window	  

The event of interest in this study will be the day of the rumour. The day prior to the event 

will also be a part of the small event window in order to account for the possibility that the 

rumours have been published a day prior on other sites than RagingBull. The day after will 

likewise be included as some rumours are posted after the markets have closed. Thus the 

small event window in the study will be -1;+1, where 0 is the day of the event. As it is also 

interesting to see what happens in the period surrounding the event date we will also apply a 

longer event window that will cover 16 days around the window, -5;+10.  

This study will furthermore look into other time intervals to examine the pre- and post-event 

movements of the stock prices. The event periods will be -20;-5, -5;-2, +2;30 and +2;60 days 

as we want to examine the movements of the stock prices before and after the event. The pre-

event window might show that the rumour is circulating in other networks or forums prior to 

it being posted on RagingBull. The post-event windows will show how the investors’ reaction 

to the events affects prices of securities in the longer run.  

Another reason for examining the 20 days prior to the event window is due to the fact that we 

expect some of the rumours to be rooted in insider trading (Pound and Zeckhauser, 1990; 

Meulbroek, 1992). Thus we want to look into the price movements prior to the rumour being 

published. The post-event windows are included to test for the long-term reaction to rumours 

and to assess if there is persistent overreaction to takeover rumours. 

Estimation	  Window	  and	  Benchmark	  Index	  

The estimation window, which is used to calculate the correlation with the benchmark index, 

is set to 160 days as recommended by MacKinlay (1997). It will be measured in the period -

200 to -40.  

In this study we use CRSP’s equally-weighted market index which holds all stocks from 

Nasdaq, NYSE and AMEX (CRSP, 2011). An equally-weighted index is used as it leads to a 

more powerful test of the impact of the event (Pound and Zeckhauser 1990). Another 

important factor for choosing this index is that it covers all exchanges presented in event 

sample. 
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5.1.1 Results	  
We test the outcome of the event study and see if AAR and CAAR is significantly different 

from zero using a t-test as the one put forward in the article by Brown and Warner (1985). 

First we will check the sign test for the full event sample, which contains all 106 companies 

that were subject to acquisition rumours, found on Ragingbull in the period between July 

2005 and June 2007. This is an initial test to evaluate whether abnormal returns are 

independent across securities.  

 (N = 106) Max Min Positive Negative Total P p-value 

CAR (-5;+10) 32% -24% 65 41 106 0,61 0,001 

CAR (-1;+1) 124% -25% 71 35 106 0,67 0,001 

Table 11 -  Source: Even Study Excel-file  

The table above illustrates the maximum and minimum single firm CAR of the full sample for 

the two event windows. As well as the number of positive and negative CAR’s over the 

periods. As expected we have more securities with a positive than negative CAR, which will 

fit with a positive CAAR for the sample. The t-stat test, using a binominal distribution, 

depicts a p-value below 0,001 in both periods, which let us assume that the number of positive 

CARs are significantly different from the negative (table 11). At the same time this indicates 

that it is not a small subset of companies that is contributing to a positive CAAR over the 

event window. However, when comparing the maximum CAR of both periods, there is an 

indication of abnormally high volatility in the stock price of a least one of the companies. The 

small event window shows that one of the companies have a CAR of 124 % over the 3-day 

period, while the long event window only shows that the maximum CAR is 32%. We identify 

this company to be Accredited Home Lenders Holding Co. (LEND) and observe that its stock 

price show daily movements from +56% to -65% around the event day. These findings result 

in an exclusion of the stock from the final sample, as we believe that inclusion of this single 

stock would have significantly skewed the final event study result. After the exclusion, the 

small event window CAAR fell 1,2% (1/3 of the CAAR), which points towards that one stock 

(out of 91) largely impacting the final outcome. 
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After excluding LEND from the sample there is no further sign of other abnormal return 

patterns (see table 12) so we proceed into the actual analysis of the results. 

 (N = 105) Max Min Positive Negative Total Overweight 

CAAR (-5;+10) 32% -24% 64 41 105 Positive 

CAAR (-1;+1) 21% -25% 70 35 105 Positive 

Table 12 -  Source: Even Study Excel-file 

    
	  

The	  Market	  Model	  

The market model estimates how the returns of the securities are expected to move in relation 

to the CRSP equally-weighted index. The expected return is, as it was put forward in chapter 

3, subtracted from the actual return, providing the abnormal return ARt. As shown in table 13, 

the average abnormal returns of the full sample (AAR) are shown for the days enclosed in the 

small (blue) and large event windows. 

At first it is very interesting to observe that the day of the event (AAR0) has a positive 

significant abnormal return of 0,9%. Given the daily return’s standard error (SE) of 0,275%, 

the t-value is 3,28. Thus given a normal t-distribution the AAR0 null hypothesis that the event 

has no impact on the event day can be strongly rejected at the 1% significance level (p-value 

= 0,00141). 

This provides an initial sign that there is a significant positive reaction in the market when a 

rumour is published. The abnormal return for the day prior to the rumour (AAR-1) is even 

twice as high, indicating a positive reaction to the rumour. The average share price of a 

security increases 1,87% (p-value = 0,0001) more than what is expected on the day before the 

event. This higher daily return prior to the actual event could imply that some investors get 

hold of the rumour from other sources ahead of the publication of the rumour on the internet. 

The higher reaction would go in hand with the article by Daniel et al. (1998) that the response 

by investors is higher the more private the information is believed to be. Another plausible 

cause could be as Tumarkin and Whitelaw (2001) argue that it can actually be the increase in 

the stock turnover the day earlier that breeds the rumour. Both Bettman et al. (2010) and 

Antweiler and Frank (2004) though conclude that this is in fact not the case, as it is mostly the 

rumour that causes the increase in the trade of volume of a security. However, according to 

results from Meulbroek (1992) a large part of run-ups in the target company‘s stock price 

occurs on the days that insiders traded. As a result, the high return prior to the event day could 
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be caused by inside trading. This we will look further into in the concluding remarks on the 

chapter.  

Another interesting observation is that the returns, for all 5 days prior to the event are positive 

while they fluctuate in the period after the event. It is difficult to say anything about these 

days, as none of the returns are statistically significant. Nevertheless it seems that there is a 

mixed reaction in the financial markets in the days after the rumour where the investors do not 

know exactly how to react. 

Event 

Period Market Model Average Model Market return Model 

(N = 105)   

 

    

 

    

 

  

Day AR i % t- value P AR i % t- value P AR i % t- value P 

-5 0,28% 1,010 0,315 0,25% 0,881 0,381 0,27% 0,973 0,333 

-4 0,13% 0,488 0,627 0,15% 0,530 0,597 0,17% 0,610 0,543 

-3 0,23% 0,849 0,398 0,33% 1,144 0,255 0,27% 0,996 0,321 

-2 0,50% 1,822 0,071 0,53% 1,860 0,066 0,46% 1,684 0,095 

-1 1,87% 6,791 0,000 2,00% 7,021 0,000 1,88% 6,885 0,000 

0 0,90% 3,281 0,001 0,94% 3,299 0,001 0,97% 3,541 0,001 

1 -0,32% -1,148 0,253 -0,42% -1,465 0,146 -0,33% -1,219 0,225 

2 0,33% 1,203 0,232 0,51% 1,784 0,077 0,43% 1,559 0,122 

3 0,02% 0,090 0,928 0,00% 0,003 0,998 0,09% 0,331 0,741 

4 0,04% 0,142 0,887 0,07% 0,241 0,810 0,10% 0,364 0,717 

5 -0,16% -0,581 0,563 -0,09% -0,325 0,746 -0,12% -0,424 0,672 

6 -0,21% -0,749 0,456 -0,34% -1,204 0,231 -0,25% -0,906 0,367 

7 -0,01% -0,031 0,976 0,00% 0,001 0,999 0,00% 0,011 0,992 

8 -0,49% -1,786 0,077 -0,58% -2,052 0,043 -0,51% -1,860 0,066 

9 0,09% 0,343 0,732 0,08% 0,276 0,783 0,14% 0,520 0,604 

10 -0,06% -0,227 0,821 -0,02% -0,085 0,933 0,03% 0,093 0,926 

          Event 

Period Market Model Average Model Market return Model 

(N = 105)   

 

    

 

  

  

  

Interval CAR i % t- value P CAR i % t- value P CAR i % t- value P 

t = [-1,1] 2,46% 7,628 0,000 2,52% 5,113 0,000 2,52% 5,315 0,000 

t = [-5,10] 3,84% 3,699 0,000 3,39% 3,011 0,003 3,60% 3,289 0,001 

Table 13 -  Source: Even Study Excel-file 

      In order to draw overall inference of the event of interest we now look at the cumulative 

average abnormal return (CAAR). When examining the CAARs there are also some very 

interesting findings. The CAAR-1;+1 for the short event window is 2,46% and with a standard 

error (SE) of 0,48%, the short event window is highly significantly different from zero at the 

1% significance-level. The long event window also shows a high positive CAAR-5;+10 of 2,8% 
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with a SE of 0,91% (significant at the 5%-level). This is an evidence for the hypothesis that 

there actually is quite a strong reaction from the financial markets to rumours. To better 

understand how the financial market reacts around the event we also look at the pre- and post-

event CAAR. 

 

 
 Figure 4 

The full development of the CAAR can be observed in the graph above (figure 4). It shows 

how the CAAR progresses through the period of interest for the event study the CAAR with 

the value zero at t = -20 and then how the CAAR progress through the period of interest for 

the event study. 

Simple graph analysis of the CAARs over time depicts that there is indeed a signal of an 

overreaction to takeover rumours. From twenty days prior to the rumour the average abnormal 

return is back at the expected CAAR 52 days after the rumour has taken place and falls even 

further after the 60 days. The plot of the CAAR illustrates that the market gradually reacts to 

the event prior to the rumour being published as it drifts upwards in the period -20;-2. Though 

it is only the period between -5;-2 which is significantly different from zero at the 5%-level 

with a SE of 0,55% (see table 14). The prices of the securities have an average abnormal 

increase in return of 1,15% in the 4-day period. The increase in CAAR in the days prior to the 

event can be explained by presuming that a small group of investors have been exposed to the 

rumour prior to publication and trade on it. This could also be due to leakage of inside 

information to small group of investors. 
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As pointed out above, there is a rather significant negative trend of the CAAR in the post-

event period. As also evident in table 14, both the +2;+30- and+2;+60-intervals have negative 

CAAR. However, it is only the long post-event window CAAR+2;+60 which is significantly 

different from zero at the 5%-level. It has a CAAR of -4,89% with a related SE of 2,11%. 

Consequently there is strong evidence against the null hypothesis even at the 5% significance 

level (t-value is 2,31). 

Analysis	  of	  CAAR	   -‐20;-‐6	   	  -‐5;-‐2	   -‐1;+1	   -‐5;+10	   +2;+30	   +2;+60	  

Panel	  Data	   CAAR	  %	  (p-‐value)	  

Full	  Sample	  	  
(n=	  105)	  

1,51% 
(0,159) 

1,12% 
(0,044) 

2,46% 
(0,0001) 

3,16% 
(0,0001) 

-1,72% 
(0,248) 

-4,83% 
(0,022) 

Table 14 – Source: Event Study Excel-file     

Given these results of the full sample event study, it is evident that there is indeed a positive 

reaction to takeover rumours in the event window. Thus we can accept our main hypothesis 

of the event study put forward in chapter 2, that there is an overreaction to takeover 

rumours. It also shows that the financial market exercise a substantial overreaction to the 

rumours as the average stock value actually decreases to a lower level than it was 20 days 

prior to the rumour. In some way it actually seems that the financial market thinks worse of a 

rumoured company once it has digested the rumour. Therefore it is very interesting to 

examine if the reaction is the same to all rumours or if the reaction if significantly different 

for some categories of rumours. We will examine this in the following section, though first we 

will verify the market model and see if the two benchmark models show the same picture of 

the reaction to rumours. 

Constant	  Mean	  and	  Market	  Return	  model	  

As we mentioned earlier in the assignment, we want to test if the market model depicts a 

different pattern than the other models used in event studies. We test against the two other 

commonly used models, the average (mean) model and the market return model. The graph 

below (figure 5) illustrates that all three models predict almost the same daily return pattern 

over the long event window. Table 13 also shows that it is the same two days, which shows an 

AAR significantly different from zero. Moreover the constant mean model also demonstrate 

borderline significance on t= -2.  
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   Figure 5 

The CAARs of the two models are also significant for the small window (t = [-1;1]) and has a 

very similar return as the market model. The return is 2,52% for both models, compared to the 

2,48% for the market model. This indicates that the difference between the two models is 

small. However, it is also important to look at the difference in variance to see how well the 

models fit the data. The daily return SE for the mean model is 0,28% and 0,273% for the 

market return model, which is very close to the 0,275% of the market model. The difference 

between the CAAR-5;+10 window of the market model and constant mean model is a bit 

higher, although not noteworthy. Hence, it is safe to state that the two other models do not 

provide a better or different result than the market model. As a result we will only represent 

the results based on the market model from now on. 

5.1.2 Sub-‐group	  analysis	  
In the next section we will compare return patterns for the different sub-categories, which are 

set up to get a better understanding of the characteristics of reactions to rumours. We divide 

the main sample into four sub-groups, based on prior research, where we expect that the 

reaction on the financial market will be different. The full sample rumours are divided into 

two groups in each sub-category to test if there is any difference. The groups are respectively; 

True vs. False Rumours, Other source vs. RagingBull only, Repeated vs. First-time Rumours 

and Large Cap vs. Small and Mid-Cap companies. 
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From prior studies it is known that different takeover rumours have different impact on the 

stock price. This depends on how investors perceive the rumours and how much they get 

exposed to it, as well as how much information there is available prior to the rumour. The 

cross-sectional investigations of the abnormal return will be analysed in the following order:  

1. Whether the market capitalization of the target firm has influence on the reaction to 

rumours. There tend to be more analysts covering larger companies thus there should also be 

more reliable information about the large cap companies in the financial markets. Thus the 

reaction to new “information” should be relatively higher for small and mid-cap companies 

than large caps. Smaller companies have shown to be more likely takeover candidates as it is 

more costly to acquire larger firms (Palepu, 1986) 

2. The second sub-group splits the full sample between rumours that are posted on RagingBull 

for the first time and rumours where a similar rumour has been posted within four months 

prior to the rumour date. It has been shown that the more a rumour gets repeated the higher 

the reaction is to it (Kosfeld, 2005). Moreover, investors fail to adjust for repetition of 

information they receive and are likely to interpret false information as true the more often it 

appears (DeMarzo et al., 2003).  

3. This sub-group looks into whether the rumour is published on another Internet source, such 

as the homepage of a large newspaper or another well-acknowledged news site or if it is just 

posted on Ragingbull. This is in the same kind of category as the last though this category 

also touches upon the credibility of the rumour, as some of the larger news media might be 

more selective in what they publish. Thus we also expect a higher and more stable reaction to 

rumours in “the other source” group. 

4. Lastly we will also look into the difference between true and false rumours. The true 

rumour represents a takeover rumour where the takeover actually happens within 1 year of the 

rumour date. If the reaction is different for the two groups then it indicates that either there is 

some information only a few people is exposed to, which makes them react stronger or that 

investors know which rumours not to trust in. 

The table below (table 15) illustrates the CAARs of the full sample along with the different 

sub-groups and associated p-values. It indicates that there is a great difference in how 

takeover rumours are interpreted by the market in relation to the characteristic of individual 

rumours.  



56 
 

Analysis	  of	  CAAR	   -‐20;-‐6	   	  -‐5;-‐2	   -‐1;+1	   -‐5;+10	   +2;+30	   +2;+60	  

Panel	  Data	   CAAR	  %	  (p-‐value)	  

True	  Rumours	  	  
(n=	  22)	  

1,23% 
(0,583) 

1,31% 
(0,28) 

3,7% 
(0,001) 

5,96% 
(0,023) 

5,32% 
(0,11) 

5,81% 
(0,21) 

False	  Rumours	  	  
(n=	  83)	  

1,57% 
(0,156) 

1,07% 
(0,088) 

2,14% 
(0,0001) 

2,37% 
(0,06) 

-3,48% 
(0,041) 

-7,57% 
(0,002) 

Initial	  Rumour	  	  
(n=	  95)	  

1,55% 
(0,178) 

1,26% 
(0,034) 

2,81% 
(0,0001) 

3,13% 
(0,007) 

-2,53% 
(0,11) 

-5,67% 
(0,013) 

Repeated	  Rumours	  	  
(n=	  10)	  

2,70% 
(0,415) 

0,1% 
(0,96) 

 -0,9% 
(0,51) 

1,92% 
(0,569) 

7,44% 
(0,123) 

4,53% 
(0,49) 

Other	  media	  coverage	  	  
(n=	  72)	  

0,27% 
(0,815)  

0,37% 
(0,53) 

3,9% 
(0,0001) 

4,26% 
(0,001) 

-1,92% 
(0,23) 

-5,37% 
(0,021) 

Ragingbull	  only	  
(n=	  33)	  

4,22% 
(0,114) 

2,76% 
(0,047) 

 -0,75% 
(0,53) 

 -0,25% 
(0,93) 

-1,29% 
(0,73) 

-3,84% 
(0,038) 

Large	  Cap	  
(n=54)	  

0,03% 
(0,976) 

-0,1% 
(0,835) 

2,13% 
(0,0001) 

1,57% 
(0,107) 

-2,79% 
(0,0037) 

-4,94% 
(0,001) 

Small	  and	  Mid-‐cap	  
(n=46)	  

3,21% 
(0,113) 

2,52% 
(0,015) 

2,83% 
(0,003) 

4,99% 
(0,005) 

-0,005 
(0,83) 

-4,83% 
(0,217) 

Table 15 – Source: Event Study Excel-file 

Large	  vs.	  Small-‐	  and	  Mid-‐cap	  

When screening only for large-cap rumours we get a sample of 56 rumours. The study of this 

sample shows five individual days, which have a positive (-2, -1, 0 and +2) or negative (-5) 

significant return for the companies in the Large Cap group (See appendix 6.1). Most 

importantly the results present a positive abnormal return on the day of the rumour and the 

prior day; 1,02% for AAR0 and 1,16% for AAR-1. The standard error (SE) of the daily return 

is 0,239%, thus they are both highly significant from zero below the 1%-level.  It is also very 

interesting to note here that the SE of daily return is lower for the large cap companies than 

the full sample even though the size of the large cap sample is smaller. This indicates that 

large cap companies have less volatile stock prices compared to smaller firms. This finding is 

also very interesting in relation to the negative reaction in the post-event windows but firstly 

we will go on to comment on the event window CAAR first. 

The CAAR of the small event window is much higher than long event window (see table 16). 

The small event window is also the only one of the two, which demonstrates a return 

significantly different from zero. The SE is 0,41% and with a CAAR-1;+1 of 2,13% it is 

strongly significant at the 1%-level. The CAAR-5;+10 is only 1,33%, which points to 
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substantial negative return around the event day. Looking at the pre-event CAARs in table 15 

it is evident that there is no run up of the stocks in the period prior to the small event window 

with CAAR-20;-6 and CAAR-20;-6 being insignificant with respectively a 0,03% and -0,1% 

CAAR. As mentioned above it is much more interesting to look at the post-event windows. 

The CAAR+2;+30 depicts an abnormal negative return of 4,05% and the SE is 1,28%. The 

related p-value is 0,027, which makes a strong evidence for rejection of the null hypothesis at 

the 5%-level. The negative return is even higher for CAAR+2;+60 as it is -6,87%,which is even 

significantly different at the 1%-level. It is truly interesting that there is such a high negative 

return for the Large Cap companies as they should be less resistant to high fluctuations in the 

stock price. It could actually be interpreted as a sign of an adjustment in the price of the 

securities after the rumour as it decreases way below the level it was prior to the event. What 

causes this decrease is difficult to explain, though one reason could be that investors have less 

confidence in the future of the company since these rumours of the company being a takeover 

target are flourishing in the market. However, the market does not believe that they will 

actually be taken over in the end, thus decreasing their expectation to the future performance. 

 

The Small- and Mid-Cap sample holds 46 rumours. It is only at t = -1 and t = -5 where there 

are a significant daily return at the 5%-level for the Small and Mid-Cap companies. However, 

AAR-1 is very high at 2,68% for the single day. The standard error of the daily return is 

likewise quite high at 0,51% indicating a high volatility in the Small and Mid-Cap securities 

(Appendix 6.2). The high abnormal return the day prior to the rumour could be because there 

is a smaller and better connected network of investors who follow these stocks. As a result, 

the reaction happens earlier and quicker.  

When examining the CAAR the same picture becomes evident as with AAR. CAAR-20;-6 is at 

3,21%, quite higher than null, though it is not significantly different from zero. The CAAR-5;-2 

is 2,52% and with the SE being 1,02% it is significant at the 5%-level (table 16). This is also a 

sign of an early reaction to the rumours. At the same time both of the event windows also 

show a positive reaction to the event. CAAR-1;+1is 2,82% and significant at the 1%-level. The 

CAAR-5;+10 is also very high at 4,99%, which is actually the highest of any of the tested sub-

groups and is statistically different from zero at the 5%-level. It is very interesting that even 

with this high reaction in the pre-event and event window there is not the same negative 

reaction in the short post-event window as it has been illustrated with the large companies. 
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The approximately 8% increase in the period from -20 to +1 is more or less held in the short 

post-event window, as CAAR+2;+30 only decreases 0,6%, which is not significantly different 

from zero as the SE is 2,77%. Initially it seems that there is no overreaction to Small and Mid-

Cap companies. However this is only the case for the short post-window as it is evident that 

when looking at CAAR+2;+60 it actually decreases  with 4,94% although staying above the 

price level prior to the rumour. It needs to be noted that CAAR+2;+60 has a very high SE at 

3,95% which makes it difficult to say anything statistically about the long post-event window. 

Overall we can conclude for the Small- and Mid-Cap companies that the market seems to 

react much more positively when rumours of these companies are posted. The reaction to the 

rumour is very high and there does not seem to be the same overreaction. All things equal, 

investors believe much more in this information being true and not just coming from a source 

trying to manipulate the stock price. 

Comparison 

As it can be observed in table 16 there seems to be quite a difference between the two groups 

especially in the pre-event window. The short pre-event window depicts a 2,62%  difference 

between the two groups and with a common Standard deviation (Stdev) of 0,78% there is 

strong evidence that the two CAAR values are not the same at the 1%-level (for full 

calculations see appendix 7). We use a one-sided t-test in order to examine if there is a 

difference between the two groups as with our hypothesis we assume that the reaction to 

Small and Mid-Cap rumours would be higher than Large Cap.  

CAAR (t1;t2) t = [-20,-6] t = [-5,-2] t = [-1,+1] t = [-5,10] t = [+2,+30] t = [+2,+60] 

Small and Mid 3,21% 2,52% 2,83% 4,99% -0,60% -4,94% 

Large 0,03% -0,10% 2,13% 1,57% -3,91% -6,05% 

P-value (H0= No 

difference) 
0,000 0,000 0,000 0,000 0,000 0,030 

Table 16  -  Source: Even Study Excel-file 

 

There is a significant difference in the CAAR of all intervals of the two groups. Especially the 

CAAR-5;+10 interval gives proof to the acceptance of our hypothesis 1.2 as it results in a 

much higher reaction to takeover rumours for small and mid cap companies. The pattern over 

the period looks the same (see graph in appendix 6.1), but the initial reaction to the rumour is 

much higher. The post-event reaction for the two samples is also fairly different where the 

Small and Mid-Cap sub-group hold a stable CAAR through the 30 days after the event. The 
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long post-event window demonstrates a smaller difference between the two groups though it 

is still significant. The big difference is that the Small and Mid-Cap sample never goes below 

the level it was prior to the event. This is the case for the Large Cap companies where they 

seem to be victim to a much larger negative reaction. 

The much higher reaction to the Small- and Mid-Cap sample could be due to the argument put 

forward by Bagnoli et al (1999). They highlight that message boards provide a source of 

information for investors to the smaller companies that usually suffer from low analyst 

coverage. Thus the reaction to Small and Mid-Cap companies is higher as there is less 

information published by professional analysts. Another reason drawn from economic theory 

could be that, as the cost of acquiring firms is positively related to the size, smaller companies 

are more likely takeover targets.  

Initial	  vs.	  Repeated	  Rumour	  	  

In the daily return the first time rumours show the same pattern as the overall sample. They 

have a significant abnormal return at t = -1 and t = 0. AAR-1 is 1,9% and AAR0 is 1,13% and 

with a daily standard error of 0,29%, both of them is significant at the 1%-level (appendix 

6.2). None of the other days around the event day show significance though it is worth noting 

that all days prior to the event have positive values and negative or zero in the days following. 

The CAAR-1;+1 for the first time rumours also depict a positive reaction of 2,83% and given a 

SE of 0,51% it is significantly different than zero at the 1% significance level (table 17). It is 

the same result for the long event window as CAAR-5;+10 is 2,77% and has a p-value below 

1% (SE 0,97%). These results are somewhat similar to the full sample results and we can 

conclude that there is definitely a positive reaction to initial rumours. The pre-event period 

does not illustrate any specific results, as CAAR-20;-6 is not significantly different from zero. 

The CAAR-5;-2 is 1,26% and significant at the 5%-level with a SE of 0,58%. However, it can 

be inferred from the results that there is some reaction to the rumour prior to the event. The 

CAAR+2;+30 interval shows a significant negative value of 2,53% at the 1%-level but the 

CAAR+2;+60 results in a quite higher value with a 5,68% return in the long post-period. It is 

also significant at the 1%-level with a SE of 2,24%. As it is illustrated the full gain of the 

small event window is lost in the 30 days after the rumour and with the long post event 

window loss average stock price is back at exactly the same level as before the run-up period 

(see graph in appendix 6.2). This is a great indication that there is a overreaction to rumours 
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as when the first rumours comes out the market will on average go back to how it was before 

the event. 

 

The repeated rumour sub-group only contains ten rumours. As a result the statistically power 

of the event study is not expected to be very high. Nevertheless the sample presents some 

interesting results. There is only one single day, which has a significant positive AAR. It is 

the only sample where AAR+2 is significant with the highest single day return of 3,48%. Even 

with a high daily SE of 0,81% it is significant at the 1%-level. It should also be noted that a 

couple of the days are significant at the 10%-level, which could be applied since the sample is 

so small. It is impossible to conclude anything from the individual days of this sample as they 

are insignificant. 

There is no significant reaction to the short event window CAAR-1;+1. It is worth noticing that 

it is negative at -0,93% though after looking into the 10 rumours it is evident that this is only 

due to one of the securities having high negative returns. The only interesting finding of the 

event windows is the small post-event window, which implies an dramatically high increase 

of 7,44%. Although borderline significant at the 10%-level, it is interesting that such a high 

increase happens after the event and not due to the event. This could be due to the fact that 

there has already been an overreaction and the investors are more reluctant to react to the 

information of the rumour. Another reason for such a high reaction could be due to the 

findings of Kosfeld (2005) who finds that investors react more positively as they get the 

information on hand reconfirmed. This does not explain the delayed reaction though.  

From a graph analysis of appendix 6.2 it is also interesting to see that it is especially around 

two weeks after the rumour where there is a quite large reaction to the repeated rumour. 

Comparison 

For these two groups there is likewise a significant difference for all intervals. To further 

examine the intervals we start by looking into the difference between CAAR-1;+1 for the initial 

rumour and repeated rumour, which accumulates to approximately 3,75%. This is a 

noteworthy indication for a different reaction pattern to the two groups. The reaction in the 

pre-event days and in the event window shows that there is a much higher initial reaction to 

the initial rumour of a security. The very interesting outcome is that while there is an 

overreaction to the group of initial rumours the repeated rumours never really falls below the 
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level they departed from at t = -20. They fluctuate quite a bit but rise up to 10% at one point 

(see appendix 6.2). There are also a great sign when examining the post-event intervals. Both 

of the periods depict difference above 10% between the two groups at the 1%-level. This 

definitely indicated that there is a difference between the two groups though we had actually 

expected in our hypothesis that the difference to be expressed in the event window. Thus the 

hypothesis cannot be accepted but the post-difference should be noted, as it is quite 

substantial. This increase can be partly explained by the fact that 50% of the repeated 

rumoured companies are acquired. Consequently they can be expected to highly influence the 

post-event period. 

CAAR (t1;t2) t = [-20,-6] t = [-5,-2] t = [-1,+1] t = [-5,10] t = [+2,+30] t = [+2,+60] 

Initial Rumour 1,54% 1,26% 2,81% 3,13% -2,81% -5,95% 

Repeated rumour 2,70% 0,07% -0,93% 1,92% 7,44% 4,53% 

P-value (H0= No 

difference) 
0,001 0,000 0,000 0,008 0,000 0,000 

Table 17 -  Source: Even Study Excel-file 

Ragingbull	  only	  vs.	  Other	  Source	  	  

When the rumour has only been posted on Ragingbull there is a very different return pattern 

than with the other sub-groups. Only one of the days show return significantly different from 

zero and the unusual thing is that neither the day prior to the rumour, AAR-1, or the day of the 

rumour, AAR0, are significant. AAR+1 is -1,41% and significant at the 5%-level. It should 

also be noted that AAR-4 is borderline significant with a positive return of 1,28%. Even 

though the days prior to the rumour are insignificant, it is worth noting that they are all 

positive. 

The CAAR of the small event window is negative. This was not anticipated with a CAAR of   

-0,75%, although insignificant. The most interesting finding of this sub-analysis is that there 

is a very large increase in the pre-event window. CAAR-20;-6 is 4,22% but only borderline 

significant at the 10%-level. Nevertheless it is the largest increase of any of the groups. The 

sub-group also contain the highest increase in the interval CAAR-5;-2 of 2,76 %, significant at 

the 5%-level. When looking at the two intervals collectively there is an increase of almost 7% 

in an 18-day period. This is a quite exceptional increase without any event happening so it 

could be that there is somebody in the market who receives the news of the rumour before it 

gets posted on RagingBull. Another assumption could be as Kimmel puts forward in her 

article from 2004. She states that when there is big move in the market and there is no 
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explanation or information of why, then it can make ground for a rumour as people build their 

own explanation. This could be an example of volume movements in the market creating the 

rumour and not opposite (Tumarkin and Whitelaw, 2001; Das and Chen, 2007). Both of the 

post-event windows are negative though the SEs are so high that the intervals cannot be 

assumed to be different from zero. This also indicates that the market does not overreact as it 

does to the rumours in some of the other groups. The CAAR never goes below the level 

where it starts at in AAR-20.  

 

The rumours that get published in other media on the other hand show somewhat the same 

pattern as the full sample (appendix 6.3). AAR-1 and AAR0 are both significant at the 1%-

level. AAR-1 has the highest increase at 2,52% whereas AAR0 is about 1% lower at 1,22%. 

The high significance is also due to a low SE at 0,3%. None of the other days show any 

significance though AAR-2 is borderline at the 10%-level. These findings illustrates that there 

is a positive reaction to rumours that are both posted on Ragingbull and in another reliable 

media. 

When examining the CAARs the same picture occurs. CAAR for the small event window is 

the highest of any of the sub-groups with a 3,9% return. This is an extraordinary high increase 

for a 3 day-period and is also highly significant at the 1% level (SE is 0,51%). The long event 

window display the same with a CAAR-5;+10 of 4,26%, also significant at the 1%-level. After 

observing the pre-event windows none of the intervals depict any significance. As it can be 

seen in table 18 below neither of the intervals have a CAAR above 0,5%. For the post-event 

windows it is only the long interval, which is significantly different from zero. It decreases 

5,37% in that period and with a SE of 2,28% it is significant at the 5%-level. It should be 

pointed out that this is roughly more than 1% higher than the increase in the event window 

itself and since the pre-event window is not significant this could be a sign of a clear 

overreaction to the rumours. 

When examining the different intervals it also becomes evident that this sub-group does not 

have a pre-run up period and that the increase mainly happens in the small event window with 

an almost 4% increase. It only increases 0,5% in the 19 days prior to the event, which is quite 

interesting. This could signify that the rumours which also are quoted elsewhere are taken 

more serious by the market and that the news spread faster thus the reaction becomes more 

immediate within a shorter time span.  
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Comparison 

As with the other sub-groups the return pattern of the CAARs is very dissimilar for 

Ragingbull only rumours and the rumours that have their origin from a reliable source. There 

is a much higher reaction to the actual event when there is other media linked to the rumour, 

as it can be seen when examining the difference for the CAAR-1;+1 of almost a 5%. With a 

common SD of 0,77%, the two groups are highly significantly different from each other. Yet 

the response to the Ragingbull only rumours is much higher in the pre-event windows than for 

the other source group. This could be explained by individual users on Ragingbull who are 

trying to clarify relatively large movement in the stock price rather than just passing on actual 

rumours.  

The post-event intervals are more similar, though the long run post-event window illustrates 

that there is a moderately higher negative return to the other source sub-group. This sub-group 

falls 5,37%, which is significantly different from the Ragingbull sub-group and it is almost 

1% more than the increase in the pre- and event window, hence displaying an overreaction in 

the market. When counting the pre-event window the Ragingbull sub-group actually stay 

above the level it starts at 20 days prior to the rumour (see graph in appendix 6.3) 

Overall it can be concluded that the market assumes that the information provided by the 

rumour is more trustworthy when it is also published in another reliable media. This is 

consistent with Bettman et al., (2010) findings that the market reacts higher to the rumour the 

more places it is posted. It could also just be due to the fact that investors rely more on the 

news media than on Internet discussion sites, as we can see that Ragingbull only rumours 

even have a negative return in the small event window. In the same study the authors state 

that firms with prior media speculation regarding a takeover have a higher abnormal return. 
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The findings definitely provide evidence for us to accept the sub-hypothesis that the 

reaction to rumours with another reliable source is higher than when the rumour is only 

posted on Ragingbull. However this also results in a more negative reaction following the 

rumour. 

CAAR (t1;t2) t = [-20,-6] t = [-5,-2] t = [-1,+1] t = [-5,10] t = [+2,+30] t = [+2,+60] 

Other Source 0,27% 0,37% 3,92% 4,26% -1,92% -5,37% 

Ragingbull 4,22% 2,76% -0,75% 0,78% -1,29% -3,84% 

P-value  

(H0= No difference) 
0,000 0,000 0,000 0,000 0,109 0,018 

Table 18 -  Source: Even Study Excel-file 

True	  vs.	  False	  Rumours	  

This is one of the most interesting groupings as the alteration cannot be verified at the time of 

the rumour. Therefore it is essential to see if there actually is a different reaction to a rumour 

which becomes true. All the other sub-categories are measurable at the time of the publication 

rumour (or shortly after).  

True rumours depict, as the only sub-group, three days in a row with AAR being significant, 

that is t-2, t-1, and t0 (appendix 6.4). The day of the event, the AAR is 1,72% and with a daily 

SE of 0,59% it is significant at the 1%-level. The AAR is much larger the day before, being 

2,57% and likewise significant at the 1%-level. Moreover it is of interest to note that the 

AAR-2 is 1,46% though it is only significant at the 5%-level. The other days around does not 

show any interesting findings. This early reaction could suggest that insiders with knowledge 

of the takeover could be acting on this particular information. 

The CAAR for the event window is 3,71% with a p-value of 0,0016. The long event window 

show the same picture though it is quite a bit higher at 5,96% and with a SE of 2,5%, it is only 

significant at the 5%-level. This is the highest positive reaction of any of the sub-groups in the 

long event window leaving one to think that the market or a part of it has a hunch that these 

rumours contain more real information than the rest. The pre-event windows both have 

positive CAARs however none of them are significantly different from zero as the standard 

error is very high due to the small sample. The same is the case for the post-event windows. 

Though the CAAR+2;+30 is quite high at 5,32% it is only borderline significant at the 10% 

level as the SE is 3,16%. What is noteworthy about the post-event windows of the true 

rumours is that there is no fall in the CAAR between the short and long window. CAAR+2;+60 

stays at the same level at 5,8% (with a p-value of 0,21). Although insignificant, this suggest 
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that the market still believe in the rumour even 3 months after the rumour date as the CAAR 

is stable between t30 and t60. These findings are remarkable as they show that there is a very 

positive reaction from the market for rumour, which actually turns out to be true. It could also 

be that characteristics of rumoured companies make it more likely to become a takeover 

target.  

 

The sub-group of false rumours is also of great interest. If there is a reaction to this sample it 

illustrates that, even if the information of the rumour is wrong, the market still reacts positive 

to rumours as if it was actual information.  

As with many of the other sub-groups it is AAR-1 and AAR0 that show significance of the 

specific days in the long event window. AAR0 is only 0,7% but due to the very small SE of 

0,31% it is significant at the 5%-level. AAR-1 is 1% higher at 1,7% and significant at the 1%-

level. Here as with most other groups, AAR-1 has the highest significance in relation to 

abnormal return (see appendix 6.4).  

When examining the remaining days in the long event window interval the only thing worth 

noting is that the run-up period is positive and that the days following the event are 

predominantly negative. This could imply that there is an overreaction in the short term. To be 

able to see this in the bigger picture we also examine the CAARs.  

CAAR-1;+1 is 2,14% and highly significant at the 1%-level with a SE of 0,5. CAAR-5;+10 is 

virtually at 2,37% and only borderline significant at the 5%-level. This illustrates that it is 

merely at the time of the event the increase happens. The pre-event windows are both positive 

though insignificant at the 5%-level.  

The post-period depicts that the market actually realises that these rumours might not hold as 

much true information as first assumed. They demonstrate this by the large decrease in both 

the short and long post-event window. The short window has a 3,48% decrease, which is 

significant at the 5%-level. The long window has a much higher fall of -7,57%. This decrease 

is nearly 3% more than the increase in the pre- and event window collectively pointing to a 

large overreaction to these false rumours. This suggests that once the market realize that the 

rumour is possibly false they react by sending the rumoured securities below the level they are 

expected to be at. 
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Comparison 

We expected that true rumours would demonstrate a significantly higher increase in the event 

window then false rumours. This is evident in the results as the CAAR-1;+1for true rumours is 

1,56% higher than CAAR from the false, the difference being significant at the 1%-level. It 

becomes clear that there is actually no difference in the pre-event period, which could imply 

that insiders are trading prior to the publication of the true rumour or they are trading in small 

volumes.   

If one takes the longer run into consideration there is a much larger difference between the 

stock price movements of the companies that gets acquired compared to the companies where 

the rumour turns out to be false, see figure above. The negative reaction for false rumoured 

companies seems to be much more significant than the positive reaction on the true rumour 

companies.  

CAAR (t1;t2) t = [-20,-6] t = [-5,-2] t = [-1,+1] t = [-5,10] t = [+2,+30] t = [+2,+60] 

TRUE 1,27% 1,31% 3,71% 5,96% 5,32% 5,81% 

FALSE 1,57% 1,07% 2,14% 2,37% -3,48% -7,57% 

P-value  

(H0= No difference) 
0,200 0,103 0,000 0,004 0,000 0,000 

Table 19  -  Source: Even Study Excel-file 

There are two likely scenarios to explain why there is such a big difference in the response 

between true and false rumours. One of the reasons could be that the market is just good at 
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reading into which rumoured companies are more likely to be taken over using intuition and 

other related information. The other reason is that investors could be trading on inside 

information, thus having a better prerequisite for sorting between false and true rumours 

(recall the case on Anheuser-Busch vs. W. Paul Thayer). This last case is especially rooted in 

the fact that the reaction to true rumours occurs from t= -2 with a 1,46% increase and only 

0,26% for the false rumours. This early reaction implies that there is a group of investors who 

have access to the information prior to it being published as a rumour. The reaction on true 

rumours is also much higher which hint that the holders of the specific information have a 

higher belief in the validity of the information (see i.e. Meulbroek, 1992). 

5.1.3 Event	  study	  summary	  
Collectively the findings from our event study of the full sample and sub-sample show us that 

there is undeniably a significant reaction to takeover rumours from the financial market and 

that this reaction differs substantially depending on the characteristics of the rumour.  

The reaction from the market on the full sample of rumours display a very clear overreaction 

as the CAAR falls just as much in the post-event period as it increased in the pre- and event 

period collectively. This implies that the increase in stock prices caused by the rumour is 

undermined in the period following the rumour.  

One finding that seems to be similar for most sub-groups is that the day prior to the event 

always demonstrates a higher abnormal return than the event day. It is moreover interesting to 

note that, it is not the true rumour sub-group that show the highest reaction in the event 

window but rumours that are also published at another reliable source simultaneously with 

Ragingbull. This could indicate that investors are not completely rationale in their investments 

as they respond relatively higher to unverified information. In the analysis of the false sub-

group the same discovery becomes evident as there is a significant positive CAAR of over 

2%, which should not be apparent if the market did not act of the conviction of the rumour 

being true. 

Another interesting finding is that the long pre-event period CAAR-20;-6 is insignificant for all 

groups including the full sample. This is an evidence against insider trading in this period, 

leading to the conclusion that if there is investors trading on insider knowledge they trade in 

the 5 days prior to the rumour10. This could indeed be the case as the full sample and three of 

                                                
10 Though it should be noted that insiders are known to trade in small volumes in order not to attract authorities 
attention. Given this it is less likely that their trade has a daily effect on stock prices.  
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the sub-groups show significance in this period. Of these the small- and mid-cap sub-group 

show the highest positive reaction with 2,5% increase. This is a quite high reaction given that 

no information on the stocks has been released. The increase in CAAR before the event can 

be explained by presuming an early information leak that is utilized by some investors to 

achieve abnormal profits 5 days before the event only a small inside group is exposed to the 

information (Spiegel et al., 2010) On contrary, there is a high likelihood that investors are 

merely trading on the expectation that a takeover could be prevailing. 

Comparative	  analysis	  

There are some very interesting findings in our analysis of the event study. In this sub-section 

we will compare these findings to earlier studies on rumours and examine differences and 

similarities. This will end up with a conclusion on the areas, in which our study adds new 

information. 

When examining the day of the rumour, Bettman et al. find an significant AAR0 of 1,58% and 

a CAAR-1;+1 of 1,86% (Bettman et al., 2010). They examine Internet rumours in the period 

from 2003 to 2008 and conduct the only prior study on stocks on the American exchanges. 

Their AAR0 is nearly twice as high as the result of this study. However, our study additionally 

discovers a significant increase of 1,8% in the day prior to the rumour. This day show no 

significance in Bettman et al.’s study.  The CAAR-1;+1 of both studies is significant indicating 

a positive reaction, though Bettman’s CAAR is a bit lower. They also find that there is no 

significant stock price movement in the period leading up to the publication of the rumour. 

Their findings validate our results in the short run, and since they have a sample more than 10 

times larger than ours the significance should indeed be valid. Other similar studies have 

shown similar positive reactions to rumours. Clarkson et al.’s (2006) study on takeover 

rumours in the Australian market shows a 2,31% increase on the day of the rumour and 2,95% 

the day prior, presenting the same pattern with larger return the day prior as our study, 

although the reaction in relatively higher. This could be due to the smaller stock market in 

Australia thus having higher focus on the individual stock. An Israeli study on all IMB 

rumours also shows a very high reaction with an AAR0 of 2,35% (Spiegel et al., 2010). 

When turning to the results of the sub-group analysis Bettman et al.’s cross-sectional analysis 

shows a similar outcome as our results. They reveal a negative firm size effect of rumours, 

meaning that the larger the company is, the less effect the rumour has. In relation to our 

conclusion on the impact of the reliability of the rumour (other reliable source), Bettman et al. 
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(2010) also detect a positive reaction in relation to an increase in reliability of a rumour. They 

furthermore find a more positive reaction to repeated rumours. This group did not show 

statistically significance in our analysis though there were indications of a positive reaction as 

well. Zivney et al. (1996) discover that there is a much higher reaction to initial rumours, 

which is the same as our study. On the other hand they show that the subsequent (repeated) 

rumours fall over 60% more than initial rumours in the 100 day period following the 

publication of the rumour, the HOTS sub-group even loose the same pct. in 30 days. This is 

the exact opposite of both our and Bettman et al.’s findings.  

When comparing our results from the IMB - Ragingbull to the results of one of the first event 

studies made on takeover rumours there is some very interesting findings. Zivney et al. (1996) 

experience a 10% pre-rumour gain (CAAR-20;0) for all rumours and a fall of a 3,5% in the next 

60 days (CAAR+1;+60). If we look at the same intervals for our full sample, our results only 

show half the increase of what Zivney et al. experience with a CAAR-20;0 of 5,2% and a fall of 

6,7% for CAAR+1;+60, which is twice as high. The same is the case for the sub-group of true 

and false rumours. This indicates two things; firstly that rumours were presumed to contain 

much more information before the introduction of the Internet thus the introduction can have 

resulted in the stock price to reflect more the information than it did before. The financial 

markets may not value the rumour as much as before. Another motive for the smaller impact 

of rumours today could be due to what Kimmel (2004) states that, there is much more 

information available for the investors implying that they cannot react to all of it. This will, all 

things equal, result in an lower reaction to takeover rumours in today’s financial market. 

Secondly the overreaction seems to be bigger today as the post-rumour reaction is 

significantly more negative. This could be due to many reasons, which is difficult to analyse. 

One of them could be that it is easier to get rumour verified today. Another theory could be 

that today more rumours are placed with the intention of manipulating stock prices. The fact, 

that Zivneyet al.’s article report that 35% of the rumours become true compared to only 21% 

of our sample turn out to be true, could support this indication (Zivney et. al, 1996).  

All in all, it can be concluded that the overreaction to rumours in general has increased with 

the introduction of the Internet message boards as a source of information for investors. This 

study gives further evidence to the impact of the takeover rumour of financial markets and 

broadens the horizon by also presenting the long-run impact of rumours of the financial 

markets. This has not been done since the article by Zivney et al. and show that there is a 
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significantly higher negative long-run effect today to companies that are targets of takeover 

rumours. 

5.1 Takeover	  likelihood	  model	  
This section elaborates further on the logistic regression method and presents the results of the 

takeover likelihood model. Additionally the model is tested for power of prediction. We will 

make use of the logit regression model, introduced in Palepu (1986) to specify the exact 

functional relationship between the firm characteristics and its acquisition likelihood in a 

given period:  

! !  , ! =    !
!!!!!"(!  ,!)

    (12) 

where p(i , t) is the probability that the firm i will be acquired in period t, x(i , t) is a vector of 

variables that measures the attributes of the firm and β is a vector of the unknown parameters 

to be estimated.   

The comprehension behind the model is as follows. Whether or not a firm, which is subject to 

a takeover rumour, is likely to be acquired in the period, t, depends on the firm’s 

characteristics as well as other factors introduced in the event study. The relevant 

characteristics of the target firm, which are quantitatively measured, are denoted by x(i , t) and 

enter the model explicitly. These variables are modelled as stochastic random variables and it 

is the probability distribution of the variables that determine the takeover likelihood of the 

rumoured firm, p(i , t). This implies that p(i , t) is a logit probability function of x(i , t). 

5.1.1 Logit	  model	  variables	  
The first model makes use of variables from all the hypotheses introduced in chapter 2. Three 

variables from the inefficient management hypothesis will be included; Asset turnover, 

EBIDTA Margin and One year sales growth. Though all of the variables are based on sales it 

measures the efficiency of the company in different ways. Asset turnover measures how much 

sales a company is able to generate given its assets while EBIDTA Margin is a measure of the 

profitability. A company can likewise have a high Sales growth but low EBIDTA Margin due 

to for example high marketing cost. High sales growth could then indicate higher EBIDTA 

Margin in the future. Asset turnover tend to be different across industries; hence those 

variables are not necessarily related. All three variables are based on accounting numbers. 
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The Sales variable represents the firm size hypothesis. Sale is an accounting number, which 

gives a good measure of company’s size. Palepu (1986) uses book assets to measure firm size, 

yet, we choose Sales, as assets are more likely to differ between industries.  

‘Debt to Asset’ falls under the leverage hypothesis while P/E ratio is connected to the 

undervaluation hypothesis. Palepu (1986) also used P/E ratio in his takeover likelihood model 

and because it is very close to be significant when regressed individually, we will similarly 

include it in our regression.   

The last three dummy variables are; ‘Repeated Rumour’, Other Reliable Source’ and 

‘Acquisition in Industry’. These will not be repeated as we have elaborated on them in the 

data chapter.     

Results	  

The first result from our regression is presented underneath. (table 20).  

Parameters   Estimates P-value 
Intercept 

 
-127.311 

 
0.9681 

EBITDA Margin 
 

0.00406 
 

0.4642 
Asset Turnover 

 
-0.3147 

 
0.5733 

One Year Sale Growth 
 

-0.00038 
 

0.8475 
Sale 

 
-0.00008 

 
0.0832 

Debt to Asset 
 

-0.00282 
 

0.8674 
P/E 

 
0.00290 

 
0.5455 

Repeated Rumour 
 

20.284 
 

0.0457 
Other Reliable Source 

 
12.864 

 
0.1469 

Acq. in Industry 
 

108.271   0.9728 
Table 20 – Source: Output from SAS 

Initially, it is important to state that we make use of the 10% significance level, as our sample 

of companies is relatively small. As it can be observed, there are only two of the variables that 

show significance at this level; Sales and ‘Repeated Rumour’. When comparing the signs of 

the coefficients with the expected signs it furthermore shows that EBITDA margin and P/E 

ratio have different signs than expected in our hypotheses although it is difficult to infer 

anything, as both variables are insignificant. In order to improve our model we gradually 

remove the variable with the highest P-value until all remaining variables in the model display 

significance.   

The final model is presented in table 21. The only three variables that show significance in the 

final model is Sales, ‘Repeated Rumour’ and ‘Other Reliable Source’ as the rest of the 
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variables are discarded. It is noteworthy that two of these variables are dummies and that the 

variable “Other Reliable Source” becomes significant when the other variables get excluded. 

Consequently, we can assume that the inefficient management hypothesis, the leverage 

hypothesis, the undervaluation hypothesis and the industry disturbance hypothesis can be 

rejected as none of the variables linked to these hypothesis show any significance. 

Parameters   Estimates   P-value 
Intercept 

 
-24.428 

 
0.0009 

     Sales 
 

-0.00008 
 

0.0632 

     Repeated Rumour 
 

20.424 
 

0.0305 

     Other Reliable Source   15.983   0.0607 
Number of observations 

 
86 

  
     

  
Chi-Square DF Pr > ChiSq 

Likelihood ratio 
 

132.840 3 0.0041 
Table 21 – Source: Output from SAS 

Contrary, the results of the final model enable us accept the hypothesis on firm size at the 

10%-level (see table 21). The signs of the three variables are likewise in line with the 

presupposed hypotheses. Higher sales have a negative impact on the takeover likelihood, 

while both ‘Repeated Rumour’ and ‘Other Reliable Source’ have a positive impact on 

takeover likelihood. This implies that smaller companies are more likely to be acquired just as 

the hypothesis on firm size predicted. Results from the event studies show that Repeated and 

Reliable Rumours had more impact on stock prices than the Initial and “Ragingbull only” 

groups. This is consistent with the outcome of our final model that companies that have been 

target of repeated takeover rumours show a higher likelihood of being taken over. Takeover 

likelihood also increases when rumours have their origin from another reliable source.  

Given that the overall power of the model is significant then rumoured companies are more 

likely to be acquired if they are small, are a target of a prior rumour and the rumour is 

published in a reliable media in addition to Ragingbull. If this is the case then the market’s 

higher reactions to these sub-groups of rumours in the event study show that investors to some 

extend reacts rationally.  

We attempted a variety of other combinations of the initial variables, as well as testing each 

variable individually, without succeeding in finding another model with significant 
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parameters(see appendix 8 for a sample of these regressions). In order to validate the final 

model we run tests and show the relevant graphs generated in SAS in the next section. We 

will likewise comment on the overall predictability of the final model. 

5.1.2 Validation	  of	  the	  model	  
Before we test the validation of the model, it is important to note that in binary regressand 

models, goodness of fit is of secondary importance. What is more important, is that the 

expected signs of the regression coefficients are right as well as their statistical and practical 

significance (Gujarati, 2003). The coefficients have all signs in compliance with what was 

expected. With the purpose of testing the statistical and practical significance of the 

coefficients, we test the model against our data and see how well it predicts companies that 

are actually acquired, as being likely target companies and vice versa.  

The Receiver Operation Characteristic curve below (figure 7) shows how well the explanatory 

variables explain the outcome of the dependent variable. The 45° degree line is a benchmark, 

i.e. it shows how a model looks like without any explanatory variables. The higher the curve 

is above the straight line, the better the applied model explains variation in data. 

 

 
 Figure 7 – Output from SAS 

The number reported at the top of the graph indicates the size of the area between the curved 

line and the straight line and can be regarded as a form of R2 in a logistic regression model. 
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From the graph, we can observe that the model is relatively good compared to the straight 

line. However, the most applied measure of goodness of fit in maximum likelihood estimation 

is the likelihood ratio, which is the equivalent of the F test in the linear regression model. The 

H0 hypothesis is that, the model produces no significant information, i.e. all the slope 

coefficients are simultaneously equal to 0. In our case we reject the H0 hypothesis, as the p-

value for the likelihood ratio is 0,0041.  

To assess if the model actually is able to predict the takeover likelihood the full sample will 

be tested by inserting it in the model. This will illustrate which companies the model will 

predict as likely takeover targets and then compare it to the actual outcome of the rumour. 

Table 22 show the results of the test. 

	   	  
Predicted	  

	  
	   	  

Acquired	   Not	  Acquired	  
	  

Observed	   Acquired	   4	   11	   15	  
Not	  Acquired	   4	   67	   71	  

	   	  
8	   78	   86	  

Table 22 – Source: Data for Regression Excel-file 

With a cutting rate of 0,5 (probability) the model predicts acquired companies (the true 

rumours) correctly in only 27% of the cases. However, the model is much better at predicting 

the companies, which do not get acquired, being the false rumours. It predicts correctly in 

94% of the observations. As we are more interesting in predicting the firms that are less likely 

to be taken over, this is a very interesting result. The overall measure of predictability is 

called Count R2and for our model this value is: 

!"#$%  !! = 0,83    (17) 

With the purpose of testing the model properly, it would good to do an out of sample test, as 

the model is constructed of same sample as we test it against. However, due to the small 

sample of our study, we are unable to do this test to validate the model. Testing the model on 

the same sample, as it was developed from, is weaker then testing it on a new sample.  

In the next section, we will test if the companies predicted to have low takeover likelihood by 

the model are able to improve the investment strategy compared to the benchmark investment 

strategy of just short selling all rumours obtained from Ragingbull. We will investigate if this 

model can increase the return of betting against false rumours. 
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5.2 Investment	  strategies	  
In this section we will elaborate on different investment strategies generated from the results, 

from both the event study as well as the regression. We have analysed investment strategies 

employing securities from the full sample and the different sub-groups though we will only 

show the results from the groups that produce the best results. In the end we will compare the 

investment strategy that generates the highest return to the investment strategy of employing 

securities from the takeover likelihood model. The risk of the strategies will be assessed in the 

discussion chapter. 

5.2.1 All	  rumours	  
When examining the graph of the CAAR (figure 8) for all rumours it is evident that investors 

overreact to rumours posted on Internet message boards. This overreaction has also been 

shown in other studies and Zivney et al (1996) conclude that it might be profitable to short 

sell some groups of rumours. In our study, as mentioned, this also counts for all the rumours.  

 

 
 Figure 8 

It can be concluded that the optimal investment strategy therefore, similar as Zivney et al 

(1996), is to short sell rumoured securities. The task is then to find out which group will 

produce the highest return. As the graph (figure 8) shows, when employing all rumours, the 

optimal investment strategy is shorting the securities for approximately 90 days, yielding a 

return of almost 7% (see table 23).  This shorting period is consistent with the findings of 

Zivney et al. (1996) that find a profitable investment strategy by short selling subsequent 

(repeated) rumours appearing in the Abreast of the Market column in WSJ for 100 days.  
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The investment strategy is constructed of two parts. Firstly the chosen securities are sold short 

on the day after the rumour, as most rumoured stocks have a positive return of the day of the 

rumour. Thereafter, the amount from the sale is invested in the equally-weighted index. This 

is done, as we in the event study have investigated how the rumoured stocks perform against 

the equally-weighted index. Thus we expect that the rumoured stock employed in the 

investment strategy will underperform the market (represented by the equally-weighted 

index). 

When applying this strategy to all rumours we gain 6,59% yearly return11 by shorting all 

rumours. The average yearly return for investing in the equally weighted index over the same 

period is 9.75%. The return for the equally weighted index is calculated for 90 days following 

each rumour. When combining the two parts the strategy generates a yearly return of 16,34%. 

To compare the different strategies we will build all investment strategies on short selling on 

the day after the publication of the rumour for holding period of 90 days although some sub-

groups might produce a higher return if hold for a shorter of longer period. 

5.2.2 Alternative	  investment	  strategies	  
In this section we will go through the other possible investment strategies utilizing our results 

from the sub-group analysis. We have chosen to analyse the 4 sub-group that have the largest 

overreaction to rumours in each of the sub-categories; this is False Rumours, Initial Rumour, 

Large Cap and Other Reliable Source. As it can be observed in the graph underneath (figure 

9) all 4 groups show the same pattern although the initial reaction is quite lower for large cap 

rumours. 

90 days - Annual returns 

 

CAAR+1;+90 Return by 
short selling 

Return of the Equally 
weighted Market Index 

Return of the 
strategy 

All rumours -7,94% 6,59% 9,75% 16,34% 
False rumours -11,2% 8,61% 10,11% 18,72% 
Initial rumours -9,18% 7,55% 10,28% 17,83% 
Other Source -7,78% 10,23% 6,99% 17,22% 
Large Cap -5,94% 2,48% 8,36% 10,84% 
Table 23 – Source: Investment Strategies Excel-file 

	   	   	   	  
 

                                                
11 The return is decuted from shorting the day after the rumours and holding it for 90 days and then calculating 
the yearly equivalent return 
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 Figure 912 

The graph also show that the largest decrease in the CAAR occurs for false rumours thus it is 

expected that the investment strategy employing the securities, which are target of a false 

rumour, will be the most profitable strategy. The results from calculating the return of the 

investment strategies is put forward in table 23. The group of “Other reliable source” rumours 

show the highest return from short selling with a 10,23% yearly return. However, this group 

does not have the highest overall return, as the market does not increase as much over the 

related shorting periods. 

The investment strategy that produces the highest overall return is the strategy employing the 

false rumoured stocks. Out of the 105 rumoured stocks, 85 turn out to be false. The 

investment strategy will then be to short each of these stocks from the day after the rumour is 

posted on Ragingbull. The CAAR+1;+90 of these stocks is -11,2%. By short selling this group 

of stocks it will amount to a yearly return of 8,61% while the market generates a 10,11% 

yearly return over the same period. This results in annual return of 18.72% for the investment 

strategy of shorting false rumours.  

This strategy is, however, not applicable as it is impossible for the investor to determine, at 

the time of the rumour, which one turns out to be true in the following year. This is where the 

takeover likelihood model comes into the picture. If it is able to show some predictability over 

which companies will be acquired in the future then this investment strategy of shorting false 

rumours could to some extent be applied. We will thus see if the model improves our strategy 
                                                
12 All CAAR+1;+90 of the 4 employed groups show significance at the 5%-level 
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in the next sector by analysing the strategy of shorting the securities that are predicted to be 

taken over by the model.   

5.2.3 The	  “Logit	  Model”	  Investment	  strategy	  	  
Our final sample used in the takeover model includes 86 companies and of those 8 are 

predicted to be taken over. Therefore the investment strategy, build on the takeover model, 

will hold 78 securities. Due to new sample an extra event study is conducted in order to 

calculate the abnormal returns of the companies that are predicted to be unlikely takeover 

targets by the model. The only essential result from this analysis is CAAR+1;+90, which is 

presented in table 24. 

The model has a less negative CAAR+1;+90 than the full sample, which indicates that the 

investment strategy does not result in a higher return. The overall return of “Logit Model” 

investment strategy is 16,50%, which is literally the same as the investment strategy of 

shorting all rumours. We are therefore not able to improve the investment strategy of short 

selling rumoured stocks with our logit model.  

90 days - Annual returns 

 

CAAR+1;+90 Return by 
short selling 

Return of the Equally weighted 
Market Index 

Return of the 
strategy 

All sample -7,94% 6,59% 9,75% 16,34% 

The Model -7,05% 4,45% 12,05% 16,50% 
Table 24 – Source: Investment Strategies Excel-file     

Given that the sample is small and that we use a 10%- significance level to test the variables it 

is not surprising that the model cannot improve our investment strategy. 

5.2.4 Summary	  
The strategy that gives the highest return is the one that involves short selling stocks that are 

subject to false rumours. Though this model is not applicable, as we cannot foresee which 

companies will be bought. The takeover likelihood model that we introduce in chapter 5 is 

unable to improve our strategy of short selling all rumours.  

However by only shorting rumours from the “Initial rumour” sub-group we can increase the 

return from the investment strategy by 1,5% compared to employing all rumours. Therefore 

we end up with the investment strategy of short selling all companies that have not recorded a 

rumour 4 months prior to the takeover rumour of interest. That strategy includes 95 rumours, 

and results in a yearly return of 17,83%. 



79 
 

6 Further	  discussion	  and	  limitations	  
In this chapter, we will further discuss our findings from the quantitative analysis. We will 

begin by discussing the results from the event study in relation to behavioural economics. 

This is done in order to better grasp why rumours have such an impact on financial markets. 

Hereafter we will go through the result from the logit regression with the intention of 

understanding the lack of a positive outcome. Finally we will briefly discuss the risk of 

investing in rumours and alternative investment strategies.  

Results	  related	  to	  behavioural	  economics	  

The results from the event study show that rumours indeed have a substantial impact on stock 

prices. Through the years similar studies have shown the same results that takeover rumours 

have positive CAAR prior to publication of rumours followed by a negative CAAR in the 

post-event period. Investors are prepared to invest in stocks based on takeover rumours 

despite the fact that only a fraction of them end in an acquisition (only around 20% of the 

companies in our sample where acquired within a year). Some fund managers then utilize this 

particular scenario, as they know, that the financial market often overreacts to rumours. They 

bet against rumoured companies by shorting the securities and hereby create an investment 

strategy which in most cases beat the market. According to the Efficient Market Hypothesis 

this should not be possible, as all information available to investors on the market should be 

reflected in security prices. When making their investment decisions, investors should 

therefore take into consideration the results from studies like this where only part of rumours 

become true and only react to rumours which they know will come true. If this was the case, it 

would not yield any abnormal return by short selling all rumoured stocks.  

Investors deviate from standard decision making-models by violating the Bayes rule and other 

maxims of probability theory in their predictions of uncertain outcomes. Our results show that 

it is actually the case as overreaction occurs on the market with the publication of rumours. 

Thus we are able to develop an investment strategy that yields abnormal return by short 

selling all rumours. Our results show that rumours are one of the factors that create doubt and 

uncertainty about the Efficient Market Theory. Investors respond irrationally to some sub-

groups of takeover rumours and thus make it possible to form a profitable investment strategy.  
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Risk	  of	  investing	  in	  rumours	  

Investing in rumoured companies can turn out to be very risky.  Pound and Zeckhauser (1990) 

report exceptionally high variance in the 1-year period after the publication of a rumour. In 

our sample the daily standard deviation for 14 companies increase with over 30% for 160 

days following the publication of the rumour compared to -200 to -40 days prior to 

publication. Other companies experience negative change in the standard deviation. Overall 

the average increase in daily standard deviation is around 2,20%.  

We have calculated risk for shorting the security and buying EWMI for each stock. The 

results can be seen in appendix 9. From the table in the appendix it can be observed that short 

selling stocks and buying in the Equally Weighted Market Index can be very risky. The return 

varies from negative return of over 1.500% to positive return of 96,27%. Standard deviation is 

in many cases very high. Another factor that makes short selling stocks risky is that there is 

no limit to the downside risk compared going long. The maximum loss an investor can occur 

when buying stocks is 100% of the initial capital invested. On the other hand, when stocks are 

sold short there is a probability that investors can lose more than 100% if the stock prices in 

the meantime increase with more than 100%.  

Alternative	  investment	  strategies	  

Buying put options could be an alternative investment strategy to short selling rumoured 

stocks. Put options would make sure that the investors are protected against downside risk. 

They will only be exercised if they are ‘in the money’ and the related loss can at most be the 

price of the put option. It would be a more expensive investment strategy though less risky. 

Our investment strategies are on the other hand based on selling the rumoured stocks and 

using the amount to invest in the equally weighted index.  

One of the factors which determine the prices of put options is the volatility of the underlying 

asset. As mentioned before, rumours have a positive effect on volatility on the market and 

volatility furthermore has a positive effect on options prices. Higher volatility thus leads to 

higher market prices for put options as stated by the Black-Scholes model. Further research is 

needed in order to investigate if an investment strategy of buying put options can be a 

profitable investment strategy. 
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6.1 Limitations	  
This section discusses the limitations of the study. Overall this study tries to comply with the 

most conceivable limitations although the scope of the study constrains us from meeting them 

all.  

The literature review and theoretical study incorporate the most essential findings and 

thoughts in order to form a basis for understanding rumours in general and takeover rumours 

effect on the financial market in particular. The review also touches upon literature in 

behavioural economics. This review is not completely exhaustive and could have included 

more elements of the field of research. This would have given us the ability to further discuss 

the fundamentals behind the sometime irrational reactions of investors. However, this was not 

the core of the assignment and in order to completely cover the area, would require a study of 

its own. 

When applying data in studies, it is essential for the raw-data to be accurate and of high 

quality to ensure reliable and valid results in a quantitative analysis. The main problem of the 

analysis is not the quality but the quantity of rumours. We have applied stricter criteria on the 

rumour selection than most of the earlier studies on takeover rumours in order to make sure 

that the studied rumours would be interpreted the right way. This could have been the reason 

of why the event study sample is relatively small compared to similar studies. Another factor 

affecting the magnitude of rumours was our search mechanism. We used a manual search 

whereas other studies have applied specially build programs to search and collect rumours 

from the IMBs. 

The limitations of the size of the data present several problems. In the event study we have 

chosen to divide the rumours into sub-groups and compare them. Some of the groups have 

very few observations, which make it harder to conduct a prober and useful event study. This 

is particularly the case for the group of repeated rumours that only includes 10 rumours. To 

get results which are reliable and statistically significant, one would need more observations 

for the analysis of the repeated rumours group to make sense.    

Another, though smaller, limitation is related to the studied period. We only examine how 

rumours affect the market in a bull market (2005-2007). This limits the scope of our 

conclusion, as it is impossible to determine if investors will react correspondingly in time of 

worries. It could be the case that investors are more hesitant when the market is weak. Thus 
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they will not react as much to unverified information when they know that there is a limited 

upside.  

Likewise the lack of data has implications for the takeover likelihood model. After filtering 

the data we end up with 86 companies of where 15 are acquired within a year. In the model 

we apply all 16 different variables, in order to test if we can develop a significant takeover 

likelihood model. It is nearly impossible to build a model with so few observations and a high 

number of variables. Even when we only applied a few of the variables the model still lacked 

power of predictability. Generally a large sample is needed to use the maximum likelihood 

method and obtain significant estimates (Gujarati, 2003:605). Thus with our small sample the 

outcome was to some extend foreseeable. The final model only has three significant variables 

at the 10%-level where two of them are dummy variables. Other studies on takeover 

likelihood with much larger samples showed better results (e.g. Brar et al., 2009). The 

obvious solution is, therefore to increase the sample size in order to get better results in the 

future. Instead of using a logit regression one could also turn to the probit regression, which 

has increased in popularity in recent years with the upcoming of computer programmes such 

as SAS. But as the probit model provides results that are close to the results from the logit 

regression, we would expect to get similar results due to lack of sample size.  

The investment strategies that we examine in the end of the study show very high excessive 

return in some cases. Short selling stocks and buying the equally weighted index does not 

come without a cost. In our study we choose to ignore transaction costs to simplify the 

analysis. As a result the returns in reality are lower than we anticipate in our results. Another 

factor which has a negative impact on the return is the liquidity constraints in the form of bid-

ask spreads and the volume of shares traded. For smaller firms on the market volume traded 

could bias our results, as low trading volume can have an effect on the market price thus not 

showing the right price of the security.  

In the investment strategy we chose to short sell rumours for 90 based on the CAAR+1;90. 

With such a long horizon the predictability of the market model decreases as deducted from a 

limited time period prior to the event. The likelihood of other factors influencing the stock 

prices increases. Thus it is more difficult to relate the trend in the market to the initial event.    

Finally due to small sample we were not able to examine industry differences though this 

would have been of great interest to be able apply industry dummies, as accounting numbers 

and business models can vary significantly across industries.  
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7 Conclusion	  and	  Further	  Research	  

7.1 Conclusion	  
The first task of this study was to present the market reactions to takeover rumours posted on 

Internet Message Boards in the period from July 2005 till June 2007. The existing literature 

provides convincing evidence that takeover rumours do have substantial influence on 

financial markets (see, for example, Bettman et al, 2010 and Antweiler and Frank, 2004). Our 

findings support this view and provide an interesting and useful insight into the long-run 

effect and the impact of different sub-groups of rumours. 

This paper examines 105 rumours on Ragingbull and their influence in the three different 

periods; pre-event window, event window and post-event window. We identify significant 

positive abnormal returns in the pre-event period of 5-2 days prior to the event although the 

reaction is low. This could indicate that only a small group of investors is exposed to the 

information prior to the rumour being published. The day prior to the event and the day of the 

event likewise show a significant impact on stock prices by rumours. The day prior shows the 

highest AAR of all days which further strengthens Daniel et al (1998) proposition that 

investors generally react higher to private than public ‘information’. Following the posting of 

the rumour, investors show a considerably high negative reaction in the long run. The CAAR 

falls as much as the increase in the pre-event and event window collectively, in the following 

60 market days. This confirms the prior literature by Zivney et al. (1990) that investors do in 

fact overreact to the information enclosed in takeover rumours. However, the initial reaction 

is lower for rumours on the Internet than the rumours in newspapers examined by Zivney et 

al. (1990). This indicates that the overflow of information introduced by the Internet causes 

the investor to react lower to a single piece of information, as proposed by Kimmel (2004). 

Furthermore, we uncover evidence of significant impact by sub-groups of rumours. We find 

positive significant impact in the event window for: True, False, Initial, ‘Other reliable 

source’ and Small- and Mid-cap rumours. 

By investigating market reactions to true and false rumours, we found that the market is, to 

some degree, able to distinguish between the two sub-groups, as the market reacts 

significantly higher to true rumours. In the post-event period investors likewise expect the 

realization of the rumour to be forthcoming, as the CAAR keeps rising. However, the market 

still shows a overreaction to the rumours that did not come true as the CAAR of the event 



84 
 

window show a high significant increase, followed by an even higher decrease in the post-

event period. From the results, we can conclude to some extend that the market correctly 

predicts true rumours, while putting too much belief in the information of false rumours 

underlined by the vast overreaction. 

Rumours that are repeated within a four month-period show, as the only other group than true 

rumours, a positive CAAR in the post-event period. This could indicate that when looking at 

the long-run effect, our hypothesis (1.2) is correct; investors trust and act more on repeated 

information. However, our sub-sample of 10 rumours is too small for this reaction to show 

statistically significance.  

In the second part of the paper we investigate if we can build a logit model that can predict the 

takeover-likelihood of rumoured companies. This is of interest as the group of false rumours 

shows the highest decrease in stock prices in the post-event window. This could then be 

utilized in an investment strategy of shorting rumours that are predicted to be false. 

The model is victim of a very small sample, though it does show some power of 

predictability. Of the 15 variables introduced in the initial model, only 3 are applied in the 

final model. The 3 variables that have influence of takeover-likelihood are ‘Firm Size’, 

‘Repeated Rumour’ and ‘Other Reliable Source’. Hereafter we examine the investment 

strategy of shorting companies, which the model predicts to be unlikely takeover targets. This 

strategy does not generate higher returns than a strategy of shorting all rumours.  

Overall the market participants do not seem to fully utilize the information of rumours and 

leaves some profitable opportunities unexplored. Most notably, we find that an investor who 

trades on IMB takeover rumours can make significant profits by applying an investment 

strategy of shorting rumours and particularly by shorting initial rumours, as this yields a 

yearly return of 17%. As a result investors with this knowledge can utilize others investors 

reaction patterns to apply a profitable investment strategy in the long run. This is new 

information in relation to the findings of Pound and Zeckhauser (1990) and Zivney et al 

(1996). It should be noted that this investment strategy can be very risky.  

The results provide fertile grounds for further exploration of the impact of rumours on 

financial markets. 
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7.2 Further	  research	  	  
This study along with others has shown that true rumours have a positive impact on security 

prices. One of the other areas of interest in M&A literature is the mark-up price (premium) of 

acquired companies (e.g. Andrade et al., 2001) Henceforth, it could be interesting to combine 

mark-up pricing studies with studies on takeover rumours. It would be attractive to investigate 

if acquiring companies end up paying a higher overall price for the target company when a 

rumour has been published prior to the acquisition. This could be the case as studies have 

shown that mark-up pricing is uncorrelated to the increase in the run-up period13 (Schwert, 

1996). If this is the case, could it then give the target company an incentive to leak out 

information causing a higher takeover price? And could it furthermore be of interest for them 

to attract other bidders by leaking out a rumour of an on-going acquisition talk?    

Another area of interest revealed in this study, is that takeover rumours generally increase 

volatility of the rumoured security (see e.g. Bettman et al., 2010). Thus it could be interesting 

to study the impact of rumours on the company’s cost of capital (especially small companies) 

as volatility is one of the variables used to calculate that particular cost of capital. It could for 

example have a great influence of the final value of a target company in an acquisition 

announcement. 

 

 

 

 

 

 

 

 

 

                                                
13 The run-up period is the period of which the bidder considers making a bid for a particular target firm, thus the 
period prior to the first-bid announcement.  
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Appendix 1: Takeover-likelihood variables - equations 
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!"#$%

 ;   

!"#$%&  !"#$%& =    !"#$%&
!"#$%

 ;  

!"#$%&  !"#$%& =   !"#  !"#$%&
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Appendix 2: Event Study equations 

Null-hypothesis testing (Brown and Warner, 1985): 

The following equations testing for the abnormal return (ARi,t) assumes cross-sectional 

independence of the securities. 

Firstly the standardized abnormal return, AR’i,t, is found by divided by the estimated standard 

deviation 

AR’i,t = ARi,t / S (ARi,t) 

Where, 

! !"!,! =    ( !"!,!!!"!
∗ !)!!  !!"

!!  !!""
!"#

   , 

!"!∗ =   
1
140 !"!,!

!!  !!"

!!  !!""

 

The test statistic is then given by: 

!"!,!!
!!

!!!

∗ (!!)
!!! 

(for t=0) where Nt is the number of securities at time t. 

Given that the standardized returns are independent and identically distributed the test statistic 

should be normally distributed if there is no abnormal return. 

For tests of multi-day intervals, such as the -5;+10 interval the following equation is used: 

!""#!!!
!!"

( !! !""#!!!
!!" )

!
!
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Appendix 3: RumoredTakeover Targets on Ragingbull in the periodJuly 2005 to June 2007   

Ticker Company Market 

Cap (mil) 

Date of 

firstrumor 

 Ticker Company Market 

Cap (mil) 

Date of 

firstrumor 

AA Alcoa 28.714 03/07/06  JNPR Juniper Networks 9.029 19/06/06 
AAPL Apple Inc 81.934 11/01/07  KNOT Theknot.com 227 29/08/05 
AAUK Anglo American 

(ADR) 
68.776 21/08/06  KR Kroger Co. 20.600 06/04/07 

ACS Affiliated Computer 
Services 

7.639 23/12/05  KRY Crystallex International corp. 790 10/03/07 

AH Armor Holdings 2.147 08/04/06  LLL L-3 Communications  9.260 #N/A 
AL Alcan Inc 18.666 29/05/06  LU Lucent 11.340 14/01/06 
AMD Advanced Micro 

Devices, Inc 
17.947 24/04/06  MAMA Mamma.com Inc (Copernic 

Inc) 
11 04/04/07 

AMR AMR Corp 8.376 12/02/07  MBRX Metabasis Therapeutics, Inc 178 25/10/06 
APC Anadarko Petroleum 19.196 15/01/07  MEDX Medarex Inc 979 15/12/05 
AT Alltel 20.339 28/07/06  MLNK CMGI, Inc 110 28/03/07 
ATYT ATI Technologies 4.152 31/05/06  MRCIY Marconi Corp. plc 651 23/09/05 
AV Avaya Inc. 7.119 29/05/07  NBR Nabors industries 10.064 20/11/06 
BCE BCE Inc 22.339 29/03/07  NFLX Netflix Inc. 1.586 10/11/05 
BCS Barclays 388.183 08/12/06  NR Newpark Resources 651 09/08/05 
BHP BHP Biliton 295.572 03/04/07  NT Nortel Networks (ADR) 885 19/06/06 
BSX Boston Scientific Corp 22.830 02/12/05  NTN NTN Communications 77 22/11/05 
CBRX Columbia Laboratories 

Inc. 
162 25/10/06  NVDA Nvidia 15.989 04/10/06 

CSC Computer Sciences 10.402 27/12/06  OPWV Openwave Systems 945 09/10/06 
DE Deere and Co 44.115 08/12/06  OVTI OmniVision Technologies, 

Inc 
954 14/11/06 

DOW Dow Chemical Co. 43.103 26/02/07  PALM Palm 1.893 02/03/07 
DRS DRS Technologies 2.183 08/04/06  PIXR PIXAR  6.164 05/11/05 
DVN Devon Energy 31.917 05/04/07  PPHM Peregrine Pharma Inc. 56 09/05/06 
ECA Encanacorp 47.336 19/10/05  PXD Pioneer Natural Resources Co 5.529 24/03/06 
EEE EverGreen Energy Inc 48 03/03/07  Q Qwest Communications 16.992 13/04/07 
EMC EMC Corporation 26.791 01/07/05  RAD Rite Aid Corporation 2.385 06/01/07 
FCX Freeport-McMoran 

Copper & Gold 
21.823 21/11/06  RBAK Redback Networks 689 15/11/06 

FRPT Force Protection Inc. 216 26/06/06  RIO Rio Tinto (ADR) 469.603 09/05/07 
GFI Gold Fields Ltd (ADR) 11.101 02/04/06  S Sprint Nextel Corporation 57.737 08/06/07 
GGR GeoGlobal Resources 

Inc. 
583 03/12/05  SAP SAP 56.821 29/01/07 

GPS The GAP Inc. 15.563 18/09/06  SBCF Seacoast Banking Corp. of 
Florida 

457 05/06/06 

GSS Golden Star Resources 
Ltd 

651 24/02/06  SIRI Sirius XM Radio Inc 9.079 01/12/05 

GTW Gateway Inc 951 16/02/06  SKYE SkyePharma 59 30/11/05 
HD The Home Depot inc. 77.696 18/09/06  STJ St. Jude Medical Inc. 18.139 04/12/05 
HLIT Harmonic Inc 410 27/11/05  SUN Sunoco 8.493 28/03/07 
HOG Harley Davidson 16.144 22/06/07  SUNW Sun Mcrosystems 4.043 06/03/06 
IIG Imergent Inc 274 22/01/07  SWY Safeway 17.107 10/10/06 
IINT Indus International 144 02/08/05  SZE Suez (ADR) 69.034 04/04/07 
ILA Aquila Inc 1.554 15/03/07  TFSM 24/7 Real Media 596 01/05/07 
IMGN Immunogen Inc 297 26/07/05  TLAB Tellabs inc. 4.501 06/01/07 
IMMU Immunomedics 243 07/01/07  TXU TXU Corp.  27.564 23/02/07 
INSP Infospace Inc 731 29/05/07  VICL VicalIncorporated 172 25/10/06 
IPS Ipsco 4.484 27/01/06  WMT Wal-Mart 210.853 11/07/05 
ISO ISCO International 53 03/04/07  XMSR XM Satellite Radio 5.394 30/03/06 
JEF Jefferies Group Inc. 3.710 18/04/07  YHOO Yahoo 38.509 18/04/07 
JDMT Jamdat 668 11/07/05           
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Appendix 4: Power of Event Study with different sample sizes (McKinlay, 1997) 
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Appendix 5: Correlation table for all variables 
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Appendix 6: AAR results and graph of CAAR-5;+10 for sub-categories  

6.1 Small and Mid-cap vs. Large (Source: Event Study Ecxel-file) 

  Small- and Mid-cap     Large Cap   

  AARt t-value P (two-sided) 

 

AARt t-value P (two-sided) 

-5 1,20% 2,34 0,02 

 

-0,53% -2,23 0,03 

-4 0,71% 1,38 0,18 

 

-0,37% -1,54 0,13 

-3 0,59% 1,15 0,26 

 

-0,08% -0,32 0,75 

-2 0,08% 0,16 0,87 

 

0,87% 3,63 0,00 

-1 2,68% 5,22 0,00 

 

1,16% 4,84 0,00 

0 0,77% 1,51 0,14 

 

1,02% 4,25 0,00 

1 -0,63% -1,23 0,23 

 

-0,04% -0,17 0,86 

2 0,08% 0,16 0,88 

 

0,55% 2,30 0,03 

3 0,21% 0,41 0,68 

 

-0,14% -0,58 0,56 

4 0,07% 0,13 0,90 

 

0,01% 0,06 0,95 

5 0,07% 0,14 0,89 

 

-0,36% -1,52 0,13 

6 0,01% 0,02 0,98 

 

-0,40% -1,66 0,10 

7 -0,16% -0,31 0,76 

 

0,12% 0,51 0,61 

8 -0,87% -1,69 0,10 

 

-0,16% -0,67 0,51 

9 0,16% 0,31 0,76 

 

0,04% 0,15 0,88 

10 0,00% 0,00 1,00   -0,12% -0,50 0,62 

 

 

-‐0,0200	  

-‐0,0100	  

0,0000	  

0,0100	  

0,0200	  
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6.2 Initial vs. Repeated Rumour (Source: Event Study Ecxel-file) 

  Initial Rumour     RepeatedRumour   

  AARt t-value P (two-sided)   AARt t-value P (two-sided) 

-5 0,22% 0,75 0,46 

 

0,84% 1,03 0,33 

-4 0,23% 0,80 0,43 

 

-0,80% -0,99 0,35 

-3 0,42% 1,43 0,16 

 

-1,51% -1,85 0,10 

-2 0,39% 1,34 0,18 

 

1,55% 1,90 0,09 

-1 1,90% 6,50 0,00 

 

1,59% 1,95 0,08 

0 1,13% 3,88 0,00 

 

-1,28% -1,57 0,15 

1 -0,22% -0,75 0,46 

 

-1,24% -1,52 0,16 

2 0,00% 0,00 1,00 

 

3,48% 4,27 0,00 

3 0,03% 0,09 0,93 

 

-1,57% -1,93 0,09 

4 -0,02% -0,08 0,94 

 

0,63% 0,78 0,46 

5 -0,28% -0,95 0,34 

 

0,97% 1,19 0,26 

6 -0,18% -0,61 0,54 

 

-0,46% -0,57 0,58 

7 0,01% 0,03 0,98 

 

-0,17% -0,21 0,84 

8 -0,55% -1,88 0,06 

 

0,06% 0,07 0,94 

9 0,07% 0,22 0,82 

 

0,37% 0,46 0,66 

10 -0,01% -0,05 0,96   -0,52% -0,64 0,54 
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6.3 ‘Ragingbull Only’ vs. ‘Other Reliable Source’ (Source: Event Study Ecxel-file) 

  Ragingbull Only     OtherReliable Source 

  AARt t-value P (two-sided)   AARt t-value P (two-sided) 

-5 0,62% 0,92 0,36 

 

0,12% 0,41 0,68 

-4 0,41% 0,61 0,54 

 

0,01% 0,02 0,98 

-3 1,28% 1,91 0,07 

 

-0,25% -0,83 0,41 

-2 0,53% 0,79 0,43 

 

0,49% 1,64 0,10 

-1 0,46% 0,68 0,50 

 

2,52% 8,47 0,00 

0 0,20% 0,30 0,76 

 

1,22% 4,12 0,00 

1 -1,41% -2,10 0,04 

 

0,18% 0,62 0,54 

2 0,18% 0,27 0,79 

 

0,40% 1,35 0,18 

3 0,09% 0,14 0,89 

 

-0,01% -0,02 0,98 

4 0,21% 0,32 0,75 

 

-0,04% -0,14 0,89 

5 0,32% 0,48 0,63 

 

-0,38% -1,28 0,20 

6 -0,60% -0,89 0,38 

 

-0,03% -0,09 0,93 

7 -0,50% -0,75 0,46 

 

0,22% 0,73 0,47 

8 -1,30% -1,94 0,06 

 

-0,12% -0,41 0,69 

9 0,18% 0,26 0,79 

 

0,06% 0,19 0,85 

10 0,10% 0,14 0,89   -0,14% -0,46 0,65 
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6.4 True vs. False Rumour (Source: Event Study Ecxel-file) 

  True Rumours     False Rumours   

  AARt t-value P (two-sided)   AARt t-value P (two-sided) 

-5 0,80% 1,36 0,19 

 

0,15% 0,47 0,64 

-4 0,13% 0,22 0,83 

 

0,14% 0,44 0,66 

-3 -0,89% -1,51 0,15 

 

0,51% 1,65 0,10 

-2 1,46% 2,48 0,02 

 

0,26% 0,85 0,40 

-1 2,57% 4,38 0,00 

 

1,69% 5,44 0,00 

0 1,72% 2,93 0,01 

 

0,70% 2,25 0,03 

1 -0,58% -0,99 0,33 

 

-0,25% -0,80 0,43 

2 1,34% 2,29 0,03 

 

0,08% 0,25 0,80 

3 -0,19% -0,32 0,75 

 

-0,01% -0,04 0,97 

4 -0,37% -0,64 0,53 

 

0,14% 0,46 0,65 

5 0,44% 0,75 0,46 

 

-0,31% -1,00 0,32 

6 -0,27% -0,46 0,65 

 

-0,19% -0,61 0,54 

7 0,35% 0,60 0,56 

 

-0,10% -0,32 0,75 

8 0,06% 0,10 0,92 

 

-0,63% -2,02 0,05 

9 -0,13% -0,23 0,82 

 

0,15% 0,49 0,63 

10 -0,47% -0,80 0,43   0,04% 0,12 0,90 
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Appendix 7: Testing difference for mean 

        Acquired vs. Non-Acquired 
        

           

    CAAR SD N 
 

    CAAR SD N 
Day Aquired 0,0371 0,0102 21 

 
Day Aquired 0,0596 0,0235 21 

(-1;+1) Non-acquired 0,0214 0,0001 84 
 

(-5;+10) 
Non-
acquired 0,0237 0,0600 84 

  
   

  
 

  
   

  
  Common SD 0,0045 

 
  

 
  Common SD 0,0548 

 
  

  t-test 14,3279 
 

  
 

  t-test 2,6842 
 

  

  P (two-sided) 0,0000 
 

  
 

  
P (two-
sided) 0,0085 

 
  

  P (one-sided) 0,0000     
 

  
P (one-
sided) 0,0042     

           
               CAAR SD N 

 
    CAAR SD N 

Day Aquired 0,0127 0,0227 21 
 

Day Aquired 0,0532 0,0316 21 
(-20;-
6) Non-acquired 0,0157 0,0121 84 

 
(+2;+30) 

Non-
acquired -0,0348 0,0168 84 

  
   

  
 

  
   

  
  Common SD 0,0147 

 
  

 
  Common SD 0,0205 

 
  

  t-test 0,8460 
 

  
 

  t-test 17,6000 
 

  

  P (two-sided) 0,3995 
 

  
 

  
P (two-
sided) 0,0000 

 
  

  P (one-sided) 0,1997     
 

  
P (one-
sided) 0,0000     

           
               CAAR SD N 

 
    CAAR SD N 

Day Aquired 0,0131 0,0117 21 
 

Day Aquired 0,0581 0,0451 21 

(-5;-2) Non-acquired 0,0107 0,0062 84 
 

(+2;+60) 
Non-
acquired -0,0757 0,0239 84 

  
   

  
 

  
   

  
  Common SD 0,0076 

 
  

 
  Common SD 0,0292 

 
  

  t-test 1,2732 
 

  
 

  t-test 18,7592 
 

  

  P (two-sided) 0,2058 
 

  
 

  
P (two-
sided) 0,0000 

 
  

  P (one-sided) 0,1029     
 

  
P (one-
sided) 0,0000     
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Large Cap vs Small Cap 
        

           

    CAAR SD N 
 

    CAAR SD N 

Day Small and Mid 0,0283 0,0089 49 
 

Day 
Small and 
Mid 0,0499 0,0170 49 

(-1;+1) Large 0,0213 0,0041 56 
 

(-5;+10) Large 0,0157 0,0096 56 

  
   

  
 

  
   

  
  Common SD 0,0068 

 
  

 
  Common SD 0,0136 

 
  

  t-test 5,2329 
 

  
 

  t-test 12,8917 
 

  
  P (two-sided) 0,0000 

 
  

 
  P (two-sided) 0,0000 

 
  

  P (one-sided) 0,0000     
 

  P (one-sided) 0,0000     

           
               CAAR SD N 

 
    CAAR SD N 

Day Small and Mid 0,0321 0,0199 49 
 

Day 
Small and 
Mid -0,0050 0,0277 49 

(-20;-
6) Large 0,0003 0,0093 56 

 
(+2;+30) Large -0,0279 0,0129 56 

  
   

  
 

  
   

  
  Common SD 0,0152 

 
  

 
  Common SD 0,0211 

 
  

  t-test 10,7119 
 

  
 

  t-test 5,5617 
 

  
  P (two-sided) 0,0000 

 
  

 
  P (two-sided) 0,0000 

 
  

  P (one-sided) 0,0000     
 

  P (one-sided) 0,0000     

           
               CAAR SD N 

 
    CAAR SD N 

Day Small and Mid 0,0252 0,0103 49 
 

Day 
Small and 
Mid 

-0,0484 
0,0395 49 

(-5;-2) Large -0,0010 0,0048 56 
 

(+2;+60) Large -0,0494 0,0184 56 

  
   

  
 

  
   

  
  Common SD 0,0078 

 
  

 
  Common SD 0,0301 

 
  

  t-test 17,0729 
 

  
 

  t-test 0,1728 
 

  
  P (two-sided) 0,0000 

 
  

 
  P (two-sided) 0,8631 

 
  

  P (one-sided) 0,0000     
 

  P (one-sided) 0,4316     
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Initial 
Rumor Repeated Rumor 

        
           

    CAAR SD N 
 

    CAAR SD N 

Day Initial Rumour 0,0281 0,0051 95 
 

Day 
Initial 
Rumour 0,0313 0,0117 95 

(-1;+1) 
Repeated 
rumor -0,0093 0,0141 10 

 
(-5;+10) 

Repeated 
rumor 0,0192 0,0326 10 

  
   

  
 

  
   

  
  Common SD 0,0064 

 
  

 
  Common SD 0,0147 

 
  

  t-test 17,6652 
 

  
 

  t-test 2,4600 
 

  
  P (two-sided) 0,0000 

 
  

 
  P (two-sided) 0,0156 

 
  

  P (one-sided) 0,0000     
 

  P (one-sided) 0,0078     

           
               CAAR SD N 

 
    CAAR SD N 

Day Initial Rumour 0,0154 0,0058 95 
 

Day 
Initial 
Rumour -0,0253 0,0157 95 

(-20;-
6) 

Repeated 
rumor 0,0270 0,0315 10 

 
(+2;+30) 

Repeated 
rumor 0,0744 0,0438 10 

  
   

  
 

  
   

  
  Common SD 0,0109 

 
  

 
  Common SD 0,0198 

 
  

  t-test 3,2096 
 

  
 

  t-test 15,1228 
 

  
  P (two-sided) 0,0018 

 
  

 
  P (two-sided) 0,0000 

 
  

  P (one-sided) 0,0009     
 

  P (one-sided) 0,0000     

           
               CAAR SD N 

 
    CAAR SD N 

Day Initial Rumour 0,0126 0,0058 95 
 

Day 
Initial 
Rumour -0,0567 0,0224 95 

(-5;-2) 
Repeated 
rumor 0,0007 0,0163 10 

 
(+2;+60) 

Repeated 
rumor 0,0453 0,0625 10 

  
   

  
 

  
   

  
  Common SD 0,0074 

 
  

 
  Common SD 0,0283 

 
  

  t-test 4,8432 
 

  
 

  t-test 10,8431 
 

  
  P (two-sided) 0,0000 

 
  

 
  P (two-sided) 0,0000 

 
  

  P (one-sided) 0,0000     
 

  P (one-sided) 0,0000     
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Other Source vs. Raging Bull 
        

           

    CAAR SD N 
 

    CAAR SD N 

Day Other Source 0,0392 0,0051 72 
 

Day Other Source 0,0426 0,0119 72 

(-1;+1) Ragingbull -0,0075 0,0116 33 
 

(-5;+10) Ragingbull 0,0078 0,0268 33 

  
   

  
 

  
   

  

  Common SD 0,0078 
 

  
 

  Common SD 0,0179 
 

  

  t-test 28,6478 
 

  
 

  t-test 9,2490 
 

  

  P (two-sided) 0,0000 
 

  
 

  P (two-sided) 0,0000 
 

  

  P (one-sided) 0,0000     
 

  P (one-sided) 0,0000     

           

               CAAR SD N 
 

    CAAR SD N 

Day Other Source 0,0027 0,0115 72 
 

Day Other Source -0,0192 0,0160 72 

(-20;-6) Ragingbull 0,0422 0,0260 33 
 

(+2;+30) Ragingbull -0,0129 0,0361 33 

  
   

  
 

  
   

  

  Common SD 0,0173 
 

  
 

  Common SD 0,0241 
 

  

  t-test 10,8418 
 

  
 

  t-test 1,2420 
 

  

  P (two-sided) 0,0000 
 

  
 

  P (two-sided) 0,2171 
 

  

  P (one-sided) 0,0000     
 

  P (one-sided) 0,1085     

           

               CAAR SD N 
 

    CAAR SD N 

Day Other Source 0,0037 0,0059 72 
 

Day Other Source -0,0537 0,0228 72 

(-5;-2) Ragingbull 0,0276 0,0134 33 
 

(+2;+60) Ragingbull -0,0384 0,0515 33 

  
   

  
 

  
   

  

  Common SD 0,0090 
 

  
 

  Common SD 0,0344 
 

  

  t-test 12,7298 
 

  
 

  t-test 2,1189 
 

  

  P (two-sided) 0,0000 
 

  
 

  P (two-sided) 0,0365 
 

  

  P (one-sided) 0,0000     
 

  P (one-sided) 0,0182     
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Appendix 8:  Selection of other tested logit models (Output from SAS) 

Analysis of Maximum Likelihood Estimates 

Parameter DF Estimate SE Wald Chi-Square Pr > ChiSq 

Intercept 1 -478.617 422.2 0.0129 0.9097 

EBITDAMargin 1 0.0136 0.0154 0.7765 0.3782 

AssetTurnover 1 -0.6415 0.6142 10.906 0.2963 

OneYSaleGrowth 1 -0.00498 0.00957 0.2702 0.6032 

Market Cap 1 -0.00005 0.000034 26.815 0.1015 

Acq in Industry 1 460.978 422.2 0.0119 0.9131 

Repeated Rumour 1 25.989 10.813 57.766 0.0162 

OtherReliableSource 1 0.6160 0.9541 0.4168 0.5185 

Debt to Asset 1 -0.0262 0.0249 11.035 0.2935 

Market to Book 1 0.2676 0.1362 38.580 0.0495 

 

Analysis of Maximum Likelihood Estimates 

Parameter DF Estimate SE Wald Chi-Square Pr > ChiSq 

Intercept 1 -285.613 414.9 0.0047 0.9451 

EBITDAMargin 1 0.00730 0.0111 0.4308 0.5116 

TwoYSaleGrowth 1 -0.00004 0.000411 0.0074 0.9317 

Sales 1 -0.00009 0.000049 33.394 0.0676 

Acq. inIndustry 1 261.246 414.9 0.0040 0.9498 

Repeated Rumour 1 25.174 10.492 57.569 0.0164 

OtherReliableSource 1 0.8573 0.9066 0.8940 0.3444 

Market to Book 1 0.1134 0.0596 36.221 0.0570 

 

Analysis of Maximum Likelihood Estimates 

Parameter DF Estimate SE Wald Chi-Square Pr > ChiSq 

Intercept 1 -130.337 300.9 0.0019 0.9655 

EBITDAMargin 1 0.00370 0.00496 0.5576 0.4552 

AssetTurnover 1 -0.1145 0.5457 0.0440 0.8338 

Sales 1 -0.00011 0.000052 41.635 0.0413 

DividendYield 1 0.3360 0.3509 0.9168 0.3383 

Acq. inIndustry 1 109.713 300.9 0.0013 0.9709 

Repeated Rumour 1 19.210 0.9949 37.281 0.0535 

OtherReliableSource 1 12.806 0.8944 20.500 0.1522 

Debt to Capital 1 0.00168 0.00721 0.0542 0.8160 

OneYSaleGrowth 1 -0.00042 0.00215 0.0381 0.8452 
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Appendix 9: Individual risk of investing in rumour 

Ticker Return Risk Ticker Return Risk Ticker Return Risk 

SUNW 20,61% 0,2980 TFSM -2,09% 0,2936 RIO -4,50% 0,4647 

SUN 14,07% 0,2495 ATYT (1) -122,98% 0,4563 MEDX 30,26% 0,4379 

KR 16,02% 0,2430 AV -31,65% 0,1630 NTN 49,90% 0,5116 

TXU 8,37% 0,1211 EMC 13,06% 0,2093 MAMA 69,40% 0,7528 

S (1) 5,16% 0,2296 CBRX -56,70% 0,2296 IPS 15,75% 0,3374 

WMT 6,78% 0,1436 DE -117,39% 0,1741 PIXR -53,50% 0,3200 

GPS 25,28% 0,2624 DOW (1) 5,10% 0,1788 LU 7,39% 0,2794 

HD (1) 4,82% 0,1757 GFI -5,12% 0,5321 Q -12,23% 0,2384 

STJ 90,82% 0,3105 CSC 8,97% 0,1521 IINT -107,14% 0,4348 

TLAB 2,77% 0,1881 DRS 39,07% 0,3570 INSP 41,26% 0,6702 

VICL 63,92% 0,4016 SBCF -9,43% 0,2651 NVDA 3,16% 0,3963 

ISO 57,64% 0,6957 HOG 32,90% 0,2788 OPWV 74,35% 0,3911 

YHOO (1) 24,15% 0,2645 IMGN 49,63% 0,3540 PALM (1) 33,91% 0,3298 

LLL 6,97% 0,1820 GSS 12,84% 0,5623 OVTI 70,93% 0,4745 

JEF 22,24% 0,3560 GTW (1) 50,58% 0,3980 NFLX 55,39% 0,4881 

JNPR 9,38% 0,3327 EEE 76,23% 0,6522 MRCIY -128,88% 0,5244 

XMSR (1) 57,35% 0,5479 SIRI 87,51% 0,4496 MBRX -19,31% 0,4397 

SZE 5,29% 0,1724 HLIT -22,20% 0,4442 KNOT -27,35% 0,6302 

JMDT (1) 66,42% 0,6671 FCX -11,28% 0,3806 RBAK -1508,81% 0,6894 

AAUK 37,16% 0,3482 KRY -147,09% 0,7362 AT (2) -20,44% 0,1985 

AAPL -52,82% 0,2377 SKYE 88,07% 0,4066 AA (2) -41,81% 0,2408 

AMR 65,74% 0,3766 DVN -21,70% 0,2069 GTW (2) 71,73% 0,3596 

AL (1) 52,66% 0,3152 IIG -36,42% 0,6465 RAD (2) -18,39% 0,2279 

AA (1) 47,82% 0,2126 ECA 96,27% 0,3985 AL (2) 52,66% 0,3152 

ILA 28,49% 0,1400 SAP -0,10% 0,1682 PALM (2) 32,97% 0,2847 

BCE (1) -161,88% 0,2901 GGR 71,03% 0,8493 DOW (2) 9,49% 0,1389 

AT (1) 31,77% 0,2027 FRPT (1) -6,79% 0,8658 ATYT (2) -113,53% 0,3845 

AMD (1) 35,40% 0,4908 PPHM 31,85% 0,6331 ATYT (3) -105,23% 0,3996 

BCS 21,28% 0,1758 NBR 39,95% 0,2336 AMD (2) 35,40% 0,4908 

APC -40,01% 0,1930 NR -15,95% 0,3869 BCE (2) -38,43% 0,2536 

BHP -83,67% 0,2669 IMMU -60,48% 0,4563 JMDT (2) 29,09% 0,7583 

BSX 79,71% 0,3219 RAD (1) -22,67% 0,3589 XMSR (2) -160,80% 0,7140 

MLNK 60,76% 0,4278 NT -0,08% 0,3475 YHOO (2) 30,84% 0,2187 

ACS 73,28% 0,2626 PXD -31,54% 0,3149 HD (2) 19,48% 0,1401 

AH 14,89% 0,2530 SWY -31,01% 0,2135 S (2) 39,19% 0,2364 

 

 


