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Abstract 

This thesis examines the relationship between mood changing events and stock market 

reactions. Motivated by psychological literature providing a link between football results 

and sudden changes in mood, the analysis uses international football data of national 

teams as the mood affecting variable. Therefore, this thesis identifies football results as a 

proxy for investor’s sentiment influencing their risk assessment and causing positive or 

negative abnormal market returns. The thesis examines a potential win- and loss-effect for 

2,032 football games excluding draws from the sample. To assure the relevance of the 

respective games the sample includes matches from the World Cup, Gold Cup, Copa 

America, European Championship and Asian Cup in addition to qualification games of 

closely matched teams. The results provide evidence for a significant loss effect. A loss is 

associated with a negative abnormal return of -15.84 basis points on the first trading day 

after the match. The loss effect is stronger for World Cup elimination games, in particular 

amplified for host countries experiencing a defeat in the elimination stage of a World Cup 

and robust to any methodological adjustments. A win effect could solely be confirmed for 

unexpected wins, with an ex-ante win probability of 40 percent or less.  
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1 Introduction 

Dale Carnegie (1888-1955) once said: “When dealing with people, let us remember we 

are not dealing with creatures of logic. We are dealing with creatures of emotion.”  

In economics, however, human behavior is most often summarized with the term “Homo 

Economicus”. Even though this term was first used in the late nineteenth century by 

various economists, centuries before individuals such as Adam Smith (1723-1790) argued 

about the rationality of human behavior in everyday life. Von Neumann & Morgenstern 

(1947) then used this rationality assumption in their work on the expected utility 

framework. This framework later became the foundation of decision-making theories used 

in classical and neo-classical economics. Eugene Fama and other economists argued that 

even though individuals might be subject to irrationalities, the market as a whole would 

still be efficient (Fama, 1965b). This efficient market hypothesis has since become one of 

the large research areas of economists around the globe. At first, research confirmed this 

hypothesis (Malkiel, 1973) but increasingly sophisticated analysis tools as well as newly 

available financial data enabled economists to find a variety of anomalies indicating 

market inefficiencies.  

Since classical and neo-classical financial theory were unable to explain these anomalies, 

economists started to question some of the fundamental assumptions. Economists 

collaborating with psychologists created a new framework called “Behavioral Finance” to 

develop theories better at explaining investor behavior. 

However, both traditional finance theory as well as theories proposed by behavioral 

finance do not account for the impact of emotions on the risk assessment of people 

(Elster, 1998). The following thesis can be interpreted as part of this research area. The 

purpose is to challenge the efficient market hypothesis as well as the rationality 

assumption of investors that are active in stock markets. This thesis analyzes the impact 

of mood changes on stock market returns arguing that investors’ mood has a significant 

impact on their risk assessment and thus their trading decisions. Therefore, game results 

of national football teams are used as a proxy for mood changing events (Edmans, 

García, & Norli, 2007; Floros, 2014).  

Using Datastream’s total market indices for 24 countries as well as football game results 

of several major tournaments (World Cup, European Championship, Copa America, Gold 

Cup, Asian Cup), we do not consistently find a significant win-effect – yet a significant loss 

effect. Considering a positive but statistically insignificant effect over 1,192 wins and a 

significant negative loss effect of -15.84 basis points over 840 losses, our findings are in 

line with other scientific results. Additionally, our analysis indicates that abnormal returns 
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increase in size if either investor attention is especially high as for example in countries 

hosting the tournaments or if the game outcome is unexpected. Furthermore, we verify 

our results using different methodological approaches to account for potential weaknesses 

in the econometric analysis.  

 

The rest of the thesis is organized as follows: Chapter 2 explains the relevance and the 

motivation to examine the relationship between football and stock market returns. In 

Chapter 3 it is elaborated on the theory which establishes a link between investor 

sentiments and stock prices. Chapter 4 presents literature which has previously examined 

mood changing events and their impact on sock returns. In Chapter 5 the sources and 

composition of the football and financial data used in the analysis are discussed and 

adjustments made to the data are justified. Chapter 6 explains the applied empirical 

methods, whereas Chapter 7 presents the developed hypothesis. In Chapter 8 the 

empirical analysis testing the hypothesis is implemented. Chapter 9 discusses the results. 

Finally, Chapter 10 summarizes and concludes our findings. 
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2 Motivation 

Football is probably the most important sport in the world. FIFA has 209 national football 

associations around the world whose teams compete against each other on a regular 

basis. The World Cup, considered as the most important tournament in football, is played 

in four-year intervals. Since the first World Cup in 1930 in Uruguay 77 different national 

teams have qualified for the World Cup. Thus, a high level of global participation is in 

place. Moreover, football is played in all countries around the world connecting people 

differing in sex, religion, political orientation as well as age and thus possesses a global 

reach, which is probably greater than in any other sport. Additionally, football enjoys 

increasing attention especially in the economy-wise fast growing regions of the Middle 

East and Asia (Georgakis, 2014). Furthermore, football events are among the most 

watched sport events worldwide. A variety of companies use the World Cup due to its 

global coverage as a platform for advertisements. These promotions range from being a 

sponsor of a specific team to media coverage such as commercial spots in TV or on social 

media, to becoming one of the main sponsors of a tournament, as Budweiser, Hisense, 

McDonalds and Vivo did during the 2018 FIFA World Cup in Russia (FIFA World Cup, 

2018). Simply considering the numbers illustrates the pure size of such an event. The total 

number of viewers during the FIFA World Cup 2018 exceeded 3 billion, with more than 1 

billion individuals alone watching the World Cup final between France and Croatia. Thus, 

the tournament was the most viewed sports event on digital platforms ever (The FIFA 

World Cup in Numbers, 2018). Whereas the investments to host a tournament as the 

FIFA World Cup 2018 add up to 11.8 billion Dollars, FIFA generated revenues of 

approximately 6 billion Dollars which equals a rise of 25 percent to the previous World 

Cup (FIFA World Cup 2018: Prize Money, Income, Expenses, Infographic, 2018). 

Sponsors contribute a fairly big share to these revenues. The following example illustrates 

the size of these investments in football. Adidas invested up to 176 million Dollars in the 

FIFA World Cup to inter alia get the exclusive right to promote its logo on match balls and 

referees’ outfits (Levitt, 2018).   

The amount of money invested in the football industry is tremendous and increases 

continuously. Yet, companies such as Adidas or Nike get rewarded for their huge costs 

associated with their sponsorships. Brand awareness is constantly rising and so do the 

revenues of sponsors involved in football. Starting with the first World Cup 1930 in 

Uruguay to the World Cup 2018 in Russia, the football industry has grown to a multi-billion 

Dollar business and thus plays an important role in the daily life of todays’ society. As 
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Juan Pablo Varsky, an Argentinian Sports Journalist said: “Soccer is the most important 

thing of the least important things in life” (Sonntag, 2018). 

The aforementioned financial dimensions of football are impressive. However, until 

recently, its assumed influence on stock markets was limited to potential increases in 

revenues of sponsors or other industries directly related to football matches changing their 

stock prices. Yet, football games may also prove to be a good proxy for the mood of 

investors and how mood changes impact their judgement of risk. 

Literature has proven in various ways, that there is an existing relationship between stock 

returns and football game results induced through changes in mood. Schwarz (1990), 

provided the fundamentals for following literature by arguing that the decision-making 

process was influenced by the current state of mood. Persinger (1975), Cunningham 

(1979),  Saunders (1993) as well as Hirshleifer & Shumway (2003), show how hours of 

sunlight and cloud cover influence mood and therefore stock returns. Mood changes 

through sports  events have been examined by a variety of researchers such as Hirt, 

Zillmann, Erickson, & Kennedy (1992) who come to the result that wins and losses are 

associated with adaptions in self-esteem or Knoll, Schramm, & Schallhorn (2013) 

providing evidence that viewers were in a significantly better mood after their favored 

team has won. As defined by Edmans et al. (2007) a mood variable needs to satisfy 

certain conditions to be relevant as an impact factor on the stock markets. The authors 

argue that the variable must affect mood in a significant and unambiguous way, for the 

effect to be strong enough to be fully reflected in stock prices. Moreover, the factor must 

affect a great share of the population, so that the probability that investors are impacted is 

high. This condition ensures that a great number of investors is influenced by the game’s 

outcome. In addition, the effect has to be correlated across a great number of individuals 

within a country which assures that a majority of individuals supports the same team.  

We conclude that national team football results fulfill these three conditions of Edmans et 

al. (2007), to be a potential event affecting investors’ sentiment. Thus, we consider our 

data as relevant in the research area of how mood changing events influence stock 

market prices. Therefore, our thesis aims to answer the research question whether 

football results have a significant impact on stock market returns through their potential 

ability to influence investor mood.  
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2.1 Scope and Delimitations 

The following subchapter lays out the scope and delimitations of this thesis to provide 

clear boundaries for possible conclusions resulting from this analysis.  

 

Although the results of this paper might indicate a relationship between stock market 

returns and the results of football games it would be inaccurate to generalize these 

results. Therefore, significant results do not automatically infer the existence of a mood 

effect but only give an indication of its possible existence. In other words, this paper tests 

whether a significant relationship between stock market returns and football game results 

of national teams exists. It is not the purpose of this thesis to develop and test explicit 

theories explaining why this relationship might exist. However, existing theories providing 

explanations for these possible effects are mentioned, explained and applied in this thesis 

to provide an interpretation of the results. 

 

Furthermore, it is necessary to note that the results presented in this paper are only valid 

for the countries and time-periods included in the analysis. Therefore, one should not 

expect the existence of a relationship between stock market returns and football results 

across countries at any time solely based on the results of this thesis. The verification of 

persistent win- and loss-effects in different markets is left for future research, with the 

assumption that this thesis contributes to this process. 

 

The authors of this thesis are also aware of the fact that the selection process of 

countries, games and tournaments that are considered in this analysis is subjective and 

open for interpretation. Even though these choices are explained and justified in detail 

later by the provision of rational reasons for each decision, it can certainly be argued that 

adjustments to the analysis would have been reasonable and possibly led to different 

results. Especially the choice regarding the sample of countries comprised in the analysis, 

as well as the total number included, is arbitrary. However, the arbitrary selection was 

necessary to reduce the overall data sample to a manageable, yet representative, size. 

 

Finally, it is not the purpose of this thesis to develop a trading strategy exploiting possible 

win- and loss-effects. Furthermore, the authors of this paper do not intend to provide an 

answer to the question whether it is profitable to exploit any of the verified effects. This 

objective is left for future research. 
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3 Theory 

The following chapter presents the theoretical foundation of this paper. It is organized in 

three main categories. First, the theory of efficient markets and its neo-classical adaptions 

are discussed, then anomalies contradicting the efficient market hypothesis are presented 

leading to Behavioral Finance. 

 

3.1 Efficient Market Hypothesis 

The efficient market hypothesis (EMH) was developed almost simultaneously by Eugene 

F. Fama and Paul A. Samuelson during the 1960’s. The EMH postulates that market 

prices immediately reflect all publicly available information (Fama, 1970). Therefore, it is 

impossible for investors to outperform the market using technical- or fundamental analysis 

(Fama, 1965b), because stock prices precisely reflect all current information and future 

price movements follow a random path (Fama, 1965a). The only way of generating 

returns superior to the market is by increasing the systematic risk of one’s portfolio to 

exceed the market’s. The original EMH was quickly adapted to include risk-averse 

investors, yielding a neo-classical EMH ,yet again, resulting in unforecastable price 

movements even after including marginal utilities (LeRoy, 1973; Lucas, 1978; Rubinstein, 

1976). Even though the EMH has been extended and adapted numerous times since its 

conception, the general theory remains. Investors form rational expectations based on all 

available information and the market aggregates this information efficiently, which leads to 

stock prices reflecting all relevant information instantaneously. As a result, the future 

movement of stock prices can be best described as a martingale also known as a random 

walk (Lo, 2007). 

The EMH finds prominent support by a paper published by Burton Malkiel in 1973, stating 

that returns follow a random walk. Returns have the same distribution but were entirely 

independent of each other. Therefore, future stock prices or market movements cannot be 

predicted based on the historical price development. The paper concludes that price 

changes continuously reflect new information, yet since news are by definition 

unpredictable, price changes incorporating the news should be random as well (Malkiel, 

1973). Thus, according to EMH and random walk theory, securities are always traded at 

their fair value which makes it impossible for investors to buy undervalued stocks or sell 

those which are overvalued (Malkiel, 1973). 
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Even though the main assumptions of market efficiency are always maintained, three 

forms of market efficiency are distinguished in literature today. 

The three different forms of efficiency are: 

• Strong form: all publicly and privately available information is priced in the 

securities, even insider information is fully reflected  

• Semi-strong form: all publicly available information is reflected in the security’s 

price, i.e. all prices are instantly adjusted to account for new information 

• Weak form: all past information is fully priced in the securities 

 

Generally, economist agree on rejecting the strong form of the EMH since it is impossible 

to trade with insider information in virtually all modern economies due to insider-trading 

laws. Furthermore, it cannot be reasonably assumed that normal investors have access to 

private company information. Several large insider trading scandals have also shown that 

it is possible for investors to make large profits by obtaining insider information allowing 

the conclusion that the strong form efficiency assumptions can be rejected. 

In contrast to the strong form, the weak form of market efficiency is widely accepted and 

validated. Most economists consider the assumption that past information is fully included 

in current market prices to be accurate. This is also shown by a common test of 

autocorrelation. Since the assumption of zero autocorrelation of stock returns holds, the 

weak form of market efficiency can be seen as validated. However, one should note that 

Lo & MacKinlay (1999) found short-run serial correlation indicating an anomaly called the 

momentum effect which will be elaborated on later in this chapter.  

With the weak form of market efficiency being accepted the focus of researchers moved to 

the semi-strong form. Most common is the event-study approach developed by Fama, 

Fisher, Jensen, & Roll (1969), to test whether publicly available new information is 

immediately included in the price of a stock, as the semi-strong form of market efficiency 

predicts. Although more than five decades have passed since the hypothesis of efficient 

markets was introduced to the scientific community, economists are still uncertain about 

its accurateness. The semi-strong form seems to be mostly accurate, nevertheless some 

important anomalies have been identified. The following chapter will evaluate these 

anomalies. 
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3.2  Anomalies 

The previous section elaborated on the efficient market hypothesis. This section will list 

and explain several market anomalies found while trying to prove the EMH. Market 

anomalies are distortions in stock prices that seem to contradict the efficient market 

hypothesis. For a market anomaly to be significant, it is not only important that the 

anomaly is persistent in the data but also that it is economically significant. Economic 

significance means in this context that investors are able to achieve abnormal returns high 

enough to compensate them for the additional trading costs they incur. 

 

3.2.1 The Momentum Effect 

The momentum effect describes a market anomaly where overperforming stocks continue 

to outperform the market in the short run, while underperforming stocks continue their 

downward trend. These movements contradict the EMH because they are not based on 

additional information and according to all forms of market efficiency, stock returns should 

have an autocorrelation of zero as all past information is included in the current price. Lo 

& MacKinlay (1999) found evidence for short-run serial correlation, which was supported 

by findings from Lo, Mamaysky & Wang (2000) who use non-parametric statistical 

techniques that can recognize patterns, which are regularly incorporated in stock price 

signals by “technical analysts”. 

Shiller, examining the rise in the U.S. stock market in the late 1990s, considers investors’ 

tendency to underreact to new information as an explanation for short-run momentum 

patterns (Shiller, 1996). In accordance with these studies, behavioral finance became 

popular in the study of financial markets which makes momentum diverging from 

randomness, a considerably important factor for many researchers.  

However, there is a significant amount of literature indicating that the results found by 

researchers mentioned above cannot be solely interpreted as proof that markets are 

inefficient. One has to distinguish between statistical and economic significance. While it 

is possible to persistently detect the momentum effect in financial data validating its 

statistical significance, economic significance of the momentum factors is rather small and 

prevents investors from realizing significant excess returns. Odean (1999) states that 

momentum traders do not realize excess returns and rather perform worse compared to 

buy-and-hold investors. An explanation for the under-performance of momentum traders 

is given by Lesmond, Schill, & Zhou (2001) who identify the trading costs involved in the 

execution of the momentum investment strategy as the diminishing factor of returns. 
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Moreover, behavioral hypothesis about underreaction to new information seems 

reasonable, but evidence that this effect occurs systematically in the security market is 

rather small. Fama finds in his empirical work “Event Studies” evidence that underreaction 

is as common as overreaction on the stock markets. This indicates that momentum shown 

by stock prices does not provide investors with the opportunity to earn abnormal returns. 

The key condition which needs to be considered here is whether patterns of serial 

correlation are constant over time (Fama, 1998). According to Malkiel, such patterns were 

never sufficiently large or stable enough to guarantee consistently superior investment 

results (Malkiel, 2003).  

 

3.2.2 The January Effect 

Some market inefficiencies were found long before the efficient market hypothesis had 

been developed. One of them is the January effect. It is part of a series of calendar effects 

that occur, true to their name, every year. As such, they are significant examples of 

market inefficiencies. The January effect describes a phenomenon where stocks that 

underperform in December, tend to overperform in January. This discovery was first made 

by investment banker Sidney B. Wachtel in 1942 and has since been proven numerous 

times in the US stock market as well as in other stock markets around the world (Chen & 

Singal, 2004). 

Several competing explanations for this effect exist. On one hand, underperforming stocks 

are sold by investors with the ambition to make their portfolios look more profitable before 

the end of the year. This portfolio dressing could result in underperforming stocks 

experiencing a sudden drop in price during the month of December making them more 

attractive to new investors entering the market in January. As a result, these stocks 

underperform the market in December and outperform the market in January. On the 

other hand, underperforming stocks could also be sold by investors in December looking 

to realize their losses before the end of the fiscal year to gain tax advantages. These 

investors are then left with a lot of cash which they reinvest in January driving the overall 

market.  
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3.2.3 The Weekend Effect 

Another calendar effect is the weekend or Monday effect. Stock returns are on average 

higher on Fridays than on Mondays. This effect was analyzed and proven by Cross in 

1973 as well as French in 1980 and Keim & Stambaugh in 1984. However, a more recent 

paper by Schwert (2002) suggests that the effect lost most of its significance since the 

1980’s. 

A possible explanation of the weekend effect is investors mood, meaning that on Fridays 

investors typically have a more optimistic outlook since they have a weekend ahead of 

them whereas on Mondays their outlook is more pessimistic. An optimistic outlook will 

also change the analysis and valuation of companies making positive investment 

decisions more likely driving overall stock market prices up. The contrary is true for a 

pessimistic sentiment.  

 

3.2.4 The Holiday Effect 

The holiday effect is very similar to the weekend effect, the only difference being it occurs 

on days before public holidays. Markets tend to show significant positive abnormal returns 

on days prior to a holiday. This calendar effect has been widely documented across 

different markets. Significant abnormal returns in the US market are confirmed by 

Lakonishok & Smidt (1988) or Kim & Park (1994). Coutts, Kaplanidis, & Roberts (2000) 

and Meneu & Pardo (2004) also confirm this anomaly for Greek and Spanish capital 

markets. This effect opposes the weak form of the efficient market hypothesis as it is a 

reoccurring event that can be anticipated by all investors. Moreover, this long-lasting 

event should be exploited by rational investors eventually eroding its existence. 

A possible explanation for this effect is that investors experience a positive mood in the 

days prior to holidays. This translates to a more optimistic trading behavior, pushing 

overall market prices up. This hypothesis is confirmed by a paper from Gama & Vieira 

(2013) who find significant positive abnormal returns in the Portuguese stock market 

before holidays and attribute this to a positive mood effect.  
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3.3 Efficient Markets Including Irrational Investors 

The aforementioned anomalies violate the assumptions of the efficient market hypothesis. 

To answer this criticism, several theories have been developed that include irrational 

investors in an overall efficient market. The following chapter elaborates on three of these 

approaches before behavioral finance as a competing framework is used to explain the 

anomalies. 

 

3.3.1  Noise Trading 

The assumption of rational investors making investment choices based on sound, 

fundamental research is common in finance theory and also one of the assumptions of the 

EMH. Nevertheless, as Working (1958) proposes in his paper, not all investors follow this 

decision-making process. In reality one can divide investors in two major categories: so-

called noise traders and rational investors.  

Noise traders base their investment decisions on market trading patterns, analyst 

recommendations or other market signals instead of doing their own fundamental 

research. By following their feelings and intuition rather than rational investment 

processes, noise traders introduce a new risk to the market (Shleifer & Summers, 1990). 

Moreover, this risk seems to be systematic and is therefore borne by all investors (De 

Long, Shleifer, Summers, & Waldmann, 1990; Lee, Shleifer, & Thaler, 1991). 

Theoretically, rational investors should be able to anticipate the behavior of noise trading 

investors and as a result benefit from this irrationality, driving the market back to 

equilibrium. However, limits to arbitrage suggest that not all market inefficiencies are 

worth exploiting due to transaction costs etc., enabling noise traders to have positive 

abnormal returns in the short-run. Furthermore, as noise traders can make up a large 

portion of all investors in a market, one should consider the famous saying “the market 

can remain irrational longer than you can remain solvent” before expecting arbitrageurs to 

always correct these market irrationalities. 

 

3.3.2 Herd Behavior 

Few like to stand apart from the crowd. This principle is not only applicable in high school 

but also in every situation involving larger crowds. This tendency of moving and imitating 

the actions of a crowd is called herd behavior. Herd behavior originates in the very 

beginning of evolution, where being part of a larger collective was necessary to survive. 

That is also the reason why everybody wants to be part of a group and agreeing with the 
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other members is usually the easiest way of being integrated into this group. Herd 

behavior often affects decisions of investors without them being aware of it (Shiller, 1999). 

While this tendency of moving with the crowd is useful in many situations and the overall 

probability of a large group of people being wrong is rather small, it can be quite 

disastrous for investors. For example, the social pressure of many investors being of a 

single opinion can make it difficult for others to follow their own analysis. This is all the 

more likely since humans have the tendency to accept the judgement of the majority and 

to give this judgement a higher value than one’s own opinion. This is especially true if the 

dominating opinion is provided by a person or institution with a high authority like one of 

the major banks. Investors being of one opinion and moving as a group does not by itself 

oppose the efficient market hypothesis. However, many prominent examples exist were 

herd behavior resulted in stock prices moving away from their fundamental value, which is 

a contradiction to the EMH. An example of herd behavior leading to mis-valuations and 

subsequently to a financial crisis is the dot-com bubble Furthermore, the 2008 financial 

crisis is another very good example of investor herd behavior leading to the sudden 

collapse of the housing market bubble. Both of these crises have in common that a large 

group of investors drove the market without questioning the reasonableness of their 

actions. 

 

3.3.3 Overreaction 

Despite the prediction of the EMH that new information is immediately and accurately 

included in the market price several studies have found that investors overreact to news 

(Barberis & Thaler, 2002). Moreover, this effect does not distort prices in only one 

direction, but it is equally strong for positive as well as negative news (Shiller, 1990). 

Investors overreacting to news results in a strong positive or negative movement of the 

market price depending on the kind of news followed by a reversal of that movement over 

the following days. This reversal will, however, not completely compensate the original 

movement yet lessen its overall impact. It is seen by economists as a correctional drive of 

the market to equalize the market price and the fundamental value of the asset. The effect 

of overreaction can therefore be interpreted as a cause of the previously mentioned 

findings of Lo & MacKinlay (1999), that stocks have a non-zero short run autocorrelation. 

Nonetheless, overreacting to news is another violation to the rationality assumption of the 

EMH again indicating that a more appropriate framework to model market prices might 

need to be found. 

  



17 
 

3.4 Behavioral Finance 

Even though the strong form of the efficient market hypothesis was quickly rejected, the 

theory of a semi-strong form as well as a weak form of the EMH were widely accepted by 

the economic community shortly after being published in 1965. However, in line with the 

increasing amount of available data and tests being conducted, more and more market 

inefficiencies were found (Jensen, 1978). The aforementioned anomalies are just some of 

the most validated and persistent anomalies found by economists. A variety of competing 

theories were developed to explain these anomalies. Some of these theories aimed at 

reconciling anomalies with the efficient market hypothesis, while others wanted to replace 

the EMH entirely. Behavioral finance is the study of the behavior of investors and their 

impact on financial markets using methods and theories of psychology. It is set on two 

building blocks. On the one hand, limits to arbitrage and on the other hand, psychology 

(Barberis & Thaler, 2002). 

 

3.4.1 Limits to Arbitrage 

Limits to arbitrage discredits most anomalies with the argument that investors will only 

correct the market if it is profitable to do so. Therefore, it is possible to find persistent 

anomalies in efficient markets as long as it is not profitable to correct these anomalies. 

These difficulties of correcting mispricing in the market were underestimated for a long 

time. This can also be seen by the fact that rational investors are often called arbitrageurs, 

implying that they make profits through arbitrage, i.e. riskless profits. However, it is by no 

means riskless to take advantage of a mispricing on any stock exchange. Three main 

reasons limit arbitrage opportunities: fundamental risk, noise trader risk and 

implementation costs (Barberis & Thaler, 2002). 

 

3.4.1.1 Fundamental Risk 

Fundamental risk is the most obvious risk an investor faces when trying to exploit market 

anomalies. It is the risk of additional news causing a price movement in the same direction 

as the mispricing. The following example illustrates how fundamental risk can influence 

the decision of an investor to correct a market mispricing. An investor aiming to benefit 

from an undervaluation of a certain stock would purchase shares of the company and, to 

eliminate fundamental risk, sell a perfect substitute short. However, a perfect substitute is 

a rare find making it impossible to insure completely against fundamental risk. As a result, 
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arbitrageurs cannot completely eliminate fundamental risk from the transaction making the 

whole undertaking risky and therefore unprofitable after accounting for this risk. 

 

3.4.1.2 Noise Trader Risk 

Noise trader risk is the risk of market prices being distorted due to noise traders. This 

paper already mentioned noise trading in section 4.3.1 and additionally the fact that noise 

traders introduce a new systematic risk to the market (De Long et al., 1990; Shleifer & 

Vishny, 1997). Typical arbitrageurs expected to take advantage of price distortions caused 

by noise traders, are professional investors such as hedge funds due to short selling 

restrictions and the complexity of these transactions. Hedge funds, however, do not 

always correct this market anomaly. These funds rely on their clients to supply them with 

the necessary capital for their investments. Therefore, there is “a separation of brains and 

capital” (Shleifer & Vishny, 1997). Allowing for the existence of noise traders, one might 

expect some mispricing in the market. The EMH then suggests that hedge funds would 

intervene and take up positions correcting the mispricing in the long-run. If the clients of 

hedge funds, however, do not understand the complex investment strategies applied by 

these hedge funds, they will tend to measure the funds’ performance on its absolute 

returns. If these returns are negative due to the arbitrage strategy not paying off 

immediately, this might induce some clients to withdraw their money from the fund. This 

forces the fund to liquidate its positions before the mispricing is corrected while producing 

losses. As a result, hedge funds might be reluctant to correct market irrationalities even if 

they are detected.  

 

3.4.1.3 Implementation Costs 

Well known transaction costs such as commissions or bid-ask spreads make it less 

profitable to exploit mispricings. However, this is also true for indirect costs. For example, 

the research cost of finding an underpriced asset or the cost of employees hired to 

implement a trading strategy to take advantage of this mispricing. Ultimately these costs 

decrease the absolute risk adjusted return until it is no longer profitable to correct market 

mispricings. Therefore, implementation costs lead to market prices that are persistently 

different from the fundamental value of the asset. Thus, markets are not always efficient 

or maybe only efficient up to a certain point. In other words: “Markets are efficiently 

inefficient” (Pedersen, 2015). 
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3.4.2 Psychology 

In addition to the limits of arbitrage providing a rational explanation for market anomalies, 

behavioral finance tackles the fundamental rationality assumption of the efficient market 

hypothesis. The EMH postulates that new information is immediately processed by 

rational investors that include this information to update their beliefs about the future and 

then form a normatively acceptable opinion on the fair value of the respective company 

(Barberis & Thaler, 2002). To include uncertainty in this decision-making process, 

investors are expected to use Baye’s law to correctly weigh the probability of each 

outcome. In the previous chapter we allowed for the existence of some irrational investors 

causing market prices to diverge from the assets’ fundamental value in the short term. 

Moreover, due to the limits to arbitrage, we even found an explanation why mispricings 

might remain in an otherwise efficient market. However, economists as well as 

psychologists quickly cast doubt on this rationality assumption on a much larger scale. 

Adapting the research done by cognitive psychologists and combining it with their own, 

economists started to analyze systematics biases arising when people form beliefs and 

preferences (Barberis & Thaler, 2002). This chapter will discuss the possibility of a 

majority of investors behaving irrationally simply due to their human nature. First, possible 

biases when forming beliefs are discussed, then possible irrational behavior when 

developing preferences is analyzed. 

 

3.4.2.1 Beliefs 

People are subject to a vast variety of biases when forming beliefs. This is largely due to 

the necessity of people to form hundreds of beliefs every day and the brain using 

heuristics to simplify and accelerate this process. Unfortunately, these heuristics are not 

always consistent and are often misleading. The following chapter will point out some of 

the biases people are subject to when forming beliefs. Since the scope of this paper is set 

in a financial context, a stronger focus on biases influencing financial decision-making is 

made.  

 

Overconfidence 

When asked to make an estimate of any kind people tend to be overconfident in their 

ability to find the correct answer. This overconfidence is shown in two ways: first, 

confidence intervals assigned to respective answers tend to be too narrow (Alpert & 

Raiffa, 1982). Second, people do poorly when judging the probabilities of very likely or 



20 
 

very unlikely events. They tend to give these events far lower probabilities then they 

actually have (Fischhoff, Slovic, & Lichtenstein, 1977; Griffin & Tversky, 1992). 

 

Optimism and Wishful Thinking 

The opinion of people about their abilities and prospects are often unrealistically high 

(Weinstein, 1980). As a result, people tend to trust their own judgements too much. In 

addition to this fallacy, people are also subject to a systematic planning fallacy. This 

includes falsely underestimating how much time is needed to complete certain tasks 

(Buehler, Griffin, & Ross, 1994). 

 

Confirmation Bias 

Once an opinion is formed people have the tendency to hold on to it for too long, even if 

substantial evidence against this opinion is presented (Lord, Ross, & Lepper, 1979). This 

bias is called the confirmation bias or belief perseverance and it causes two main 

fallacies: first, people are reluctant to search for contradictory evidence once their opinion 

is formed. Second, if contradictory opinions are presented, they are approached with 

excessive skepticism.  

 

Anchoring 

When making estimations people tend to choose a random, often arbitrary number and 

then adjust this number during their estimation process. However, this adjustment is 

oftentimes insufficient argue Tversky & Kahneman (1974). This is shown by a wide variety 

of experiments where participants were asked to make an estimate but provided with 

initial starting values. Depending on these starting values, the resulting estimates were 

either continuously upward or downward biased indicating the process of using the 

starting value and then insufficiently adjusting it. In other words, people tend to anchor 

their estimates based on the starting value. 

 

Availability Bias 

Tversky and Kahneman identify another bias in their 1974 paper. This availability bias 

suggests that people refer to their memories while estimating the probability of an event. 

This can result in a biased estimate because not all memories are equally available. 

Experiences made by the person itself as well as close friends or memories of the most 

recent events come to mind first. These memories will therefore influence the estimate 

more than all other memories causing the bias.  
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3.4.2.2 Preferences 

Any model including the behavior of investors must make an attempt at predicting investor 

preferences. The most common model used in economics is the model of expected utility 

(EU) based on the work of Von Neumann & Morgenstern (1947). Their model is based on 

the following four axioms of rational behavior: 

1. Completeness: The decision maker has precise preferences about the possible 

outcomes; 

2. Transitivity: All outcomes can be arranged in an exact order of preference or the 

decision-maker is indifferent between two outcomes; 

3. Continuity: Any individual will eventually be indifferent between one outcome and a 

gamble between a superior and a less preferred outcome if the probability 

distribution between the two alternative outcomes is adjusted appropriately; 

4. Independence: Preferences about certain outcomes are independent of other 

outcomes and unchanging. 

Under these axioms of rational behavior, a decision-maker facing probabilistic outcomes 

will act as if maximizing a function defined over the possible outcomes. This function is 

also known as the utility function and can easily be adapted to include risk-averse 

behavior. 

Unfortunately, research has shown over the past decades that people systematically 

violate the EU theory when choosing among risky gambles (Barberis & Thaler, 2002). This 

has led to a variety of adaptations to the EU framework with overall mixed results. 

Prospect theory, however, is the most promising Non-EU model to financial applications. 

 

Prospect Theory 

The framework of prospect theory was first proposed by Kahneman & Tversky in their 

paper “Prospect Theory: An Analysis of Decision Under Risk” from 1979. Described by 

Barberis and Thaler (2002) as a strictly descriptive theory with no normative intentions, 

prospect theory does not assume to predict the optimal behavior of investors but their 

actually observed behavior. This theory is therefore a decisive step away from the 

expected utility framework and it was developed to address the fact that key findings of 

psychologists studying human behavior are an outright violation to the expected utility 

theory (Kahneman & Tversky, 1986). 

Prospect theory has three main features that define its suggested shape of the value 

function that is perceived by people: first, utility is defined over gains and losses rather 

than total or final wealth. Kahneman & Tversky verify this assumption by conducting a 
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simple experiment where participants are first given a fixed compensation and then the 

choice between a certain payout or a gamble. In the first round of this experiment the 

participants´ choice is either to increase their fixed compensation by a certain value or to 

gamble, maybe earning twice that amount or nothing. In the second round, the same 

participants face the same choice only this time with negative values. Both rounds result 

in the exact same expected payoff since the fixed compensation is adjusted respectively. 

Therefore, using the EU framework, one expects these participants to have the same 

expected utility in both rounds leading them to make the same choice. However, if the 

payoffs are positive participants favor the certain payout instead of the gamble. Whereas 

the opposite is preferred if the payouts are negative. Kahneman & Tversky conclude from 

this experiment that investors define their utility using gains and losses and not their final 

wealth explaining the difference in answers. 

The shape of the value function is the second noticeable feature. It is concave in the area 

of gains and convex in the domain of losses. This is due to the effect already mentioned in 

the example above. Participants show risk-averse behavior over gains and risk-seeking 

behavior over losses. Furthermore, people are more sensitive to losses than to gains 

resulting in a steeper curve near the origin in the area of losses. This behavior is also 

called loss-aversion (Rabin, 2000). The following graph depicts an illustration of the value 

function as described and drawn by Kahneman & Tversky (1979). 
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Figure 1The Value Function, Prospect Theory 

This figure sketches the value function proposed by prospect theory. One can see the concavity of the 

function in the domain of gains and its convexity in the area of losses. Additionally, the steeper slope of the 

value function for small losses is depicted. 

 

People systematically overrate small probabilities (Kahneman & Tversky, 1979). This 

nonlinear probability transformation is the third feature included in prospect theory. In 

other words, small probabilities are systematically overrated. Furthermore, the sensitivity 

to probability differences increases with the absolute value of these probabilities. These 

facts explain people’s choice to purchase lottery tickets as well as insurance. Lotteries 

offer a small chance of gaining a large sum. People’s tendency of overrating small 

probabilities makes this gamble attractive and outweighs their general risk-aversion over 

gains. The same argument is true for losses. Peoples’ tendency to be risk-seeking over 

losses is surpassed by their overrating of small probabilities. As a result, they prefer a 

small loss (paying an insurance premium) to the small probability of a large loss.  

The following biases are also explained by prospect theory while violating the expected 

utility framework. 
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Framing 

Framing describes the process of stating the same question in different ways to elicit 

different responses. Studies show that answers deviate 30 to 40 percent depending only 

on the phrasing of the problem (Barberis & Thaler, 2002). This behavioral anomaly can be 

explained by prospect theory. For example, different responses can be the result of 

peoples’ reaction to the probability phrasing used in the question. Mentioning only the win 

probability thus leads people to be risk averse while rephrasing the same question to 

address the loss probability might change the respondents answer to a risk seeking 

alternative. 

  

Mental Accounting 

One important assumption of the expected utility theory is linearity. In practice, however, 

this assumption is violated quite frequently. For example, a gambler wins her first bet but 

loses some of that win in her second bet. Now, according to expected utility theory this 

gambler should have a utility equal to her total gains after the two bets. This utility would 

also be equal to the utility of winning the first bet minus the utility of losing the second bet 

or to receiving the absolute gains after the two bets directly. However, in practice people 

tend to rate these events not as equally satisfying. This bias was identified by Thaler 

(1999) and called mental accounting. 

Prospect theory can explain this violation of the expected utility theory because it does not 

assume linearity. As previously mentioned, and shown in Figure 1, the value function 

proposed by prospect theory is steeper for small losses (loss aversion) than for small 

gains. This property is chosen since people regret losses more than they enjoy gains. For 

example, winning €200 and then losing €100 is less satisfying than only winning €100 

even though both events result in the same absolute profit.  

 

Disposition Effect 

The disposition effect is an anomaly in behavioral finance. It affects individual investors all 

over the world and is one of the most robust anomalies ever found (Barberis & Xiong, 

2006). The effect describes the tendency of investors to prefer to sell their winning stocks 

while holding on to losing stocks even though financial theory would dictate the exact 

opposite. These tendencies were found by Kahneman & Tversky (1979) and included in 

their prospect theory framework. Shefrin & Statman (1985) put forward a number of 

explanations for the disposition effect in their paper. They found that people dislike losing 

more than they like winning. As a result, people sell their winning stock to realize the 
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positive feeling of having made a good investment yet hold on to their loosing stock to 

avoid the realization of their losses. 

 

These findings seem to be in line with prospect theory since the value function implies that 

people are predisposed to be risk averse after prior gains whereas they are risk-seeking 

after losses. Therefore, prospect theory appears to explain the tendency of investors to 

sell their winning stocks while holding on to losing investments. However, several studies 

have questioned the prospect theory explanation for the disposition effect (Barberis & 

Xiong, 2006; Hens & Vlcek, 2005). In their paper from 2006, Barberis & Xiong 

demonstrate that prospect theory predicts the contrary of the disposition effect in many 

investment cases. Furthermore, Hens & Vlcek (2005) argue that investors who are 

inclined to follow the disposition effect and whose preferences are best described by 

prospect theory, would not have bought these stocks in the first place. As a result, it is 

argued that prospect theory should rather be an ex post explanation for the disposition 

effect rather than a predictor of it (Summers & Duxbury, 2007). This is in line with the 

conclusion of Barberis & Xiong (2006) that the disposition effect is robust but its cause 

remains uncertain. Shefrin & Statman (1985) additionally list mental accounting and 

emotions as possible explanations for the disposition effect. The option to sell investments 

confronts the investor with the anticipated emotions that a sale would cause in each case. 

Losing stocks produce negative emotions while the sale of winning stocks causes elation 

and joy. Deciding to put off a sale of a losing stock places these emotions on hold and 

allows future events to change their magnitude or even their existence. This might be an 

advantage for losing stocks yet a disadvantage for winning stocks. Summers & Duxbury 

(2007) find indications in their study that the balance of emotions has explanatory power 

on the disposition effect. This is also consistent with an experimental study conducted by 

Weber & Camerer (1998).  
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3.5 Investor Sentiment  

The previous chapters have first discussed the efficient market hypothesis and its 

rationality assumption in combination with the expected utility framework. Different 

anomalies casting doubt on these theories were presented. The chapter on behavioral 

finance elaborated on the limits to arbitrage theory before using psychology as an 

explanation for investor behavior. This area of research has received a lot of popularity in 

the past decades as the neo-classical theories were continuously proven to be inadequate 

due to their inability of explaining common irrationalities. However, both the traditional 

theories as well as the current ones cannot explain some market anomalies. Anomalies 

such as the disposition effect, the weekend effect or the holiday effect cannot be fully 

explained by either of the presented frameworks. 

This inability is mainly due to the problem that neither of the frameworks seems to be able 

to systematically predict investors’ decisions correctly. While the prospect theory includes 

many aspects of the decision-making process that the expected utility theory is lacking, it 

also applies the consequentialist perspective to decision-making. In this perspective 

people asses severity and likelihood of possible outcomes and then use some sort of 

calculus to make a decision (Loewenstein, Weber, Hsee, & Welche, 2001). Therefore, the 

decision process is purely cognitive. However, investors’ emotions seem to significantly 

influence their economic decisions (Elster, 1998). Research from other fields of science, 

especially psychology, indicates that emotional reactions to risky situations often differ 

from decisions made after a cognitive assessment of those risks. In other words, 

individuals assess risk very differently depending on their emotional state. In an attempt to 

account for emotions in the decision-making process Loewenstein et al. introduce the risk-

as-feelings hypothesis in their paper from 2001. The following figure illustrates their 

hypothesis: 

 

 

Figure 2 Risk-as-feelings perspective (Loewenstein et al., 2001) 
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Loewenstein et al. (2001) attempt to combine two sets of literature on decision-making 

under risk. On the one hand, current emotions are recognized by the cognitive process 

but only take on an informing role, helping to evaluate alternatives etc. On the other hand, 

emotions produce behavioral responses that differ from the optimal response.  

Literature on the impact of mood changes on the decision-making-process is extensive 

and will be reviewed in the following chapter. 
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4 Literature Review 

Over the past decades several research papers have been published, examining the link 

between investor sentiment and stock returns. Since recent work investigating the impact 

of investor mood on the stock markets is comprehensive and diverse, the following 

chapter is divided into three sections. In the first section, existing literature is reviewed 

dealing with the subject of mood proxies, stock returns and risk taking. In the second 

section, we review the effect of sport results on mood. Finally, we review recent literature 

investigating a connection between sport events and stock returns. 

 

4.1 Mood Proxies, Stock Returns and Risk Taking 

Several research studies deal with the question whether feelings did significantly affect 

the decision-making of individuals. Schwarz (1990) states that the decision-making 

process of a person is influenced by the current state of mood. Individuals being in a good 

mood at the time of making a decision, made different decisions compared to those being 

in a negative mood. Therefore, individuals in a positive mood have been found to make 

more optimistic judgements than people in a negative mood which tend to have rather 

pessimistic assessments, considering the same circumstances.   

Hereby, Schwarz & Clore (1983) indicate that these findings are evident even if the 

reason for the state of mood is unrelated to the decision itself. This circumstance is called 

mood misattribution. By conducting a phone survey, they verified that people report 

overall higher life satisfaction when the sun was shining than when the weather was 

cloudy or rainy. Thus, changes in weather conditions had a large impact on individual’s 

assessment of their life satisfaction. 

Moreover, a research paper by Persinger (1975) and Cunningham (1979) investigates 

how sunshine and cloud cover affect the mood of people. Whereas Cunningham (1979) 

was able to provide evidence for a significant and positive relation between sunshine and 

mood, Persinger (1975) shows that “lower moods” are associated with fewer sunshine 

hours. Loewenstein et al. (2001) further extends these findings in his risk-as-feeling model 

by arguing that the impact of mood on the decision-making process is especially 

emphasized when the decision comprises a high proportion of risk and uncertainty. 

Hereby, irrelevant temporary states of mood induced by certain factors affect the correct 

assessment of decisions dealing with long-term risk and benefits.  

Forgas (1995) adds further content to the model proposed by Loewenstein et al. (2001) by 

addressing the extent to which people are affected by their feelings during the decision-
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making-process. Hereby, it is argued that riskiness, uncertainty and abstractness of the 

decision determined how feelings influence decision-making. So-called high-affect 

infusion strategies involve the use of feelings to a high degree in the decision-making 

process. Therefore, with rising complexity of the decision, as for example in investment 

decisions, the impact of feelings on the decision-making process is increased.  

The mood-as-information theory by Schwarz (1990) and the related mood misattribution 

has encouraged researchers in the field of behavioral finance to examine whether 

investors allow their irrelevant feelings to influence their investment decisions.  

Saunders (1993) investigated the linkage between weather and stock returns, assuming 

that the positive mood associated with sunshine could translate in positive returns, 

whereas the negative mood due to cloudy weather results in negative returns. The paper 

shows that the weather in New York has a significant correlation with major stock indices. 

Hereby, sunlight is among the most crucial weather based mood impact factors according 

to several research papers (Cunningham, 1979; Persinger, 1975). Hirshleifer & Shumway 

(2003) approved and further extended the sunlight effect first examined by Saunders 

(1993) finding evidence that weather-based strategies are beneficial for a trader having 

very low transaction costs. Thus, the results provided in the paper are statistically 

significant but due to the required frequency of trades associated with high transaction 

costs, economically insignificant. 

Kamstra, Kramer, & Levi (2003) argue that the seasonal time variation in hours of sunlight 

during the day affects investors’ mood. The so-called Seasonal Affective Disorder (SAD) 

example explains some of the seasonal discrepancy in equity returns. The hypothesis is 

based on research papers examining the connection of seasonal sunlight variation and 

depression (Cohen, 1992; Rosenthal, 1998). Conducting the analysis for nine different 

countries, the authors confirm their hypothesis and thereby found evidence for a 

significant SAD variable, resulting in returns below average in the fall/winter season and 

returns above average for the summer season. 

Research has shown that besides sunshine and daylight effects, temperature changes 

affect mood and result in behavioral changes. Cao & Wei (2005) investigate the 

relationship between stock market returns and temperature, assuming that lower 

temperatures result in higher returns, whereas high temperatures are associated with 

either higher or lower returns. Their hypothesis is based on work performed by Schneider, 

Lesko, & Garrett (1980), who state that extreme temperatures, considering both hot and 

cold conditions lead to aggression. Moreover, extremely hot temperatures also lead to 

apathy. Whereas aggression is associated with higher risk-taking and implied higher 
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returns, apathy decreased risk taking and thus results in lower equity returns. Assuming 

that low temperatures lead to above average returns and uncertainty regarding hot 

temperatures, the authors demonstrate a statistically significant and negative correlation 

between temperature and returns. 

In summary, several research papers found evidence for a link between mood proxies, 

stock returns and risk-taking. While the reviewed literature from above mainly focuses on 

sunlight, daylight or other weather dependent mood proxies the next section considers 

literature analyzing the impact of sport results on mood and related behavior of 

individuals. 
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4.2 Sport as a Proxy for Mood  

Various literature is dealing with the subject whether sport event results can be used as a 

proxy for mood. Whereas there are several research papers dealing with sports such as 

American football, basketball, ice hockey and other sports of great importance around the 

globe, we want to primarily focus on academic work related to football. 

 

A variable or event cannot be randomly assumed to be mood affecting. Therefore, one 

might question whether football or sports in general has the characteristics to affect 

investor sentiment. One of the first studies dealing with sports results and its effect on 

mood was conducted by (Schwarz, Strack, Kommer, & Wagner, 1987) analyzing the 

impact of two matches played by the German national team during the World Cup 1982 

on the mood of people. He shows that the two match outcomes significantly affected 

participants’ assessment of general life satisfaction, but not their satisfaction regarding 

work or income. Hereby, it is assumed that individuals’ general judgment of life is affected 

by rather temporary feelings. 

Hirt et al. (1992) examined in two studies how a game result affect the fans’ assessment 

of their team’s as well as their own future performance. The participants of the study 

watched a basketball game and then had to evaluate their own performance at various 

tasks as well as the team’s future performance. The results indicate that there is a 

significant relation between game outcome and fans’ mood and self-esteem. The 

assessment of their team’s and their own future performance was significantly better for 

the case of a win than for a loss. Hirt et al. (1992) argue here, that the reason for the 

change lies in an adaption of self-esteem after success or failure by the team. 

This study finds support by a paper of Wann, Dolan, McGeorge, & Julie (1994) who 

examined how fans react to results of their favorite football team. They show that fans 

mostly experience a strong positive reaction when their team performs well and an 

accordingly negative reaction when the team performs badly. In line with the findings 

provided by Hirt et al. (1992), they state that as a reaction to the outcome of the games 

fans increased or decreased self-esteem and adjusted their general feelings about life.  

Knoll et al. (2013) investigated whether the results of FIFA World Cup games influenced 

the viewer’s assessment of their own self-confidence and the current economic situation 

of the home country. The results illustrate a positive correlation between the viewer’s 

mood and the outcome of the game. Hereby, viewers have shown a significantly better 

mood when their team won, compared to state before the game. In contrast, the mood 

dropped after losses by their team, however, not significantly.  
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Jones, Coffee, Sheffield, Yangüez, & Barker (2012) examined English and Spanish 

football fans’ emotional reaction to success and failure of their respective team during the 

FIFA World Cup 2010. Additionally, potential adjustments in social interaction and 

spending were considered. They discovered that English as well as Spanish fans were 

confronted with significant change in mood after success and failure of their respective 

countries. The positive experience of the Spanish fans was accompanied by more social 

interaction and higher spending for the four days following the win of the tournament. In 

contrast, the English fans didn’t show any different behavior resulting from the negative 

emotional state after exiting the tournament in the first game of the knock-out stage. 

Therefore, fans of both nations have shown similar emotional reaction of success and 

failure of their respective countries. However, similar adaptions in mood do apparently not 

imply the same behavioral response. 

In the next section literature is reviewed dealing with the impact of sports results on stock 

returns, assuming irrationality of investors by inducing a direct relationship between mood 

changes and stock prices changes.  
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4.3 Sport Events and Stock Returns 

Research has illustrated the systematic connection of sports results with mood changes. 

Over the past two decades researchers have attempted to build the bridge between mood 

changes induced by sports results and the respective changes in stock prices. In this 

section studies are considered, dealing with listed sports clubs and the impact of game 

results on their share prices. More importantly, the impact of national team results on 

stock indices of the respective country is reviewed.  

 

Renneboog, Vanbrabant & Europe (2000) attempted to find a relationship between the 

share prices of football clubs listed on the London Stock Exchange and the weekly 

performance by the respective team. They found evidence that on the first trading day 

after a game positive abnormal returns of almost 1 percent were realized after a win. 

Whereas negative abnormal returns of 0.6 percent and 1.4 percent were experienced 

after draws and losses respectively. Additionally, the cumulative abnormal return for the 

week following a draw or defeat amounted to 1.7 percent and 2.5 percent.  

In 2009 Palomino, Reneboog & Zhang further examined the link between football clubs 

listed on the London Stock Exchange and stock price reactions triggered by the release of 

different types of information. On the one hand the release of experts’ estimates of 

probable game outcomes through betting odds and on the other hand the game results 

themselves. Hereby, the researchers investigated whether abnormal returns were based 

on rational expectations or mainly influenced by investor sentiment. The 3 trading days 

following a game show statistically significant abnormal returns with a value of 88 basis 

points for wins, -101 basis points for losses and -33 basis points for draws. Taking ex ante 

expectations of the games outcomes into account, they found evidence that the higher the 

probability of a win, the higher the abnormal return following a win. This clearly rejects the 

hypothesis of rational expectations. Therefore, the results illustrated by a win effect do not 

reflect rational expectations, but are associated with overreaction due to investor 

sentiment. In contrast, the reaction to a loss is smaller, the higher the ex-ante loss 

probability. Thus, the results for the loss effect stands in contrast to those of the win-effect 

by indicating rational investor behavior. Betting odds which are typically released a few 

days in advance of the game do not trigger any significant abnormal returns and are 

therefore not considered as new relevant information.   

A study by Bell, Brooks, Matthews & Sutcliffe (2012) uses 19 publicly traded UK football 

clubs to examine the impact of match outcomes on their respective stock returns. The 

results show that match results affect share prices, but the results are rather modest. 
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More importantly, the magnitude of the reaction is dependent on the importance of the 

game, measured as degree of rivalry or proximity of the match to the end of the season. 

These games are considered the most crucial ones, since towards the end of the season 

match results determine the final placement in the championship which can have major 

implications for the following seasons. Additionally, the greater the rivalry between two 

teams, the higher the emotional investment of the fans. Moreover, unexpected points and 

goal difference affect the stock prices to a great extent as well.  

Scholtens & Peenstra (2009) extent the previous studies with a European competition 

variable, by analyzing football matches of eight publicly traded teams in the respective 

national as well as in the European competition. They find evidence that the stock price 

reaction is significantly positive for wins and negative in case of losses for both 

competitions. The magnitude of the response is significantly stronger for losses than wins. 

In accordance with Bell et al. (2012), they identify that unexpected match results have 

stronger implications for stock prices than expected ones, but solely on the European 

level.  

In summary, for the case of listed sport clubs, it is argued that winning games is likely to 

be followed by higher subsequent cash flows due to additionally generated revenues 

through ticket sales and merchandise (Bell et al., 2012; Palomino et al., 2009). Therefore, 

successful performances by the respective clubs can directly translate into financial 

benefits which can induce both positive and negative share price reactions after wins and 

losses, respectively (Scholtens & Peenstra, 2009). 

In contrast, literature dealing with the impact of national teams on stock prices assumes 

that stock returns are affected by changes in mood rather than rational behavior of 

investors. Generally, it is assumed that only economically relevant events affected stock 

returns. However, research studies show, that events affecting investor sentiment can 

influence stock returns under certain circumstances.  

Edmans et al. (2007) argue that a mood variable, in this specific context the football match 

as the event, has to fulfil three main conditions to possess the ability to drive stock 

returns:  

1. The variable must affect mood in a significant and unambiguous way, for the effect 

to be strong enough to be fully reflected in stock prices; 

2. The factor must affect a great share of the population, so that the probability that 

investors are impacted is high; 

3. The effect has to be correlated across a great number of individuals within a 

country. 



35 
 

It is assumed, that the significance of the event increases when these conditions are 

fulfilled to a further extend. Ashton, Gerrard & Hudson (2003) examined whether the 

performance of the English national team had an effect on subsequent returns of the 

FTSE 100, which incorporates the shares of the 100 largest companies traded on the 

London Stock Exchange. They find evidence for a statistically significant relationship 

between the performance of the English national team and returns of shares traded on the 

London Stock Exchange. Therefore, a win or loss is associated with positive or negative 

market returns on the next trading day, respectively.  

Klein, Zwergel & Fock (2009) reconsidered the article published by Ashton et al. (2003) by 

replicating the study and discovered several shortcomings the researches had previously 

missed to account for. They criticized that Ashton et al. (2003) did not consider the issue 

of Datastream setting returns on public holidays to zero rather than recording no return. 

Thus, for the case that a match took place on the day before public holidays, the event 

date being the first trading day after a match is shifted to a non-trading day and therefore 

zero. Moreover, Ashton et al. (2003) missed to correct match results which ended in over-

time or penalty shoot-out. Officially, these matches are treated as draws, but games 

ending in over-time or penalty shoot-out are from great relevance since they take place 

during the elimination stage of a tournament.  

Ashton, Gerrard & Hudson replied in 2011 to the considerations by Klein et al. (2009) with 

another article accounting for the shortcomings and trimming for outliers. As in their 

previous article, they still found evidence for a statistically significant relationship between 

game outcomes and stock returns, although the effect could solely be confirmed after 

losses.  

In 2003, Boyle & Walter published an article investigating whether the performance of 

New Zealand’s national rugby team affected stock market returns in New Zeeland. They 

assumed that due to the importance of rugby as the national sport, games played by the 

All Blacks could have emotional implications for investors and thus result in abnormal 

stock market returns on the following trading day. However, in contrast to previous studies 

they could not detect any relationship between All Black’s game results and stock market 

returns. 

Edmans et al. (2007) investigated the potential impact of sudden mood changes on stock 

market returns. Hereby football results of 39 national teams served as a proxy for changes 

in investors’ mood. The authors used national indices to measure the stock market 

reaction and football games during the qualification stage or the international tournament 

itself as events which could induce a change in mood. Hereby, the results show a strong 
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and significant negative effect after losses by the respective national team. The loss effect 

is both statistically and economically significant amounting to a monthly excess return of 7 

percent after football losses. There is no stronger loss effect for more unexpected losses. 

Thus, the authors conclude that the loss effect is not induced by the reaction of rational 

investors. Instead, the effect arises from the impact of football results on investors’ mood. 

The loss effect was even bigger for country indices where football plays a superior role or 

when using small cap indices. Hereby, the authors argue that greater importance of 

football in the respective country implies, that a higher share of investors is affected. 

Additionally, small indices are assumed to be traded by a higher proportion of national 

investors. In line with the previous literature on national teams, they didn’t find any 

evidence for a positive reaction related to wins. 

Kaplanski & Levy (2010) introduce a new dimension to the already existing literature of 

sport results on stock prices. They investigated a potential approach to benefit from the 

asymmetrical effect of international sports events on local stock prices. Hereby, they do 

not investigate the impact of match outcomes on the local indices of the respective 

country, but on the US market. Since one third of the transactions on the US market are 

executed by non-US investors, they assumed that the local sentiment effect of the various 

countries also affects the US market. Thus, the authors first analyze the impact of the 

World Cup on the US market by accounting for an aggregate effect of all local effects. In a 

second step they developed an investment strategy to take advantage of the asymmetric 

return profile. The results show that the aggregate effect does not depend on the outcome 

of the game, since it is always negative and therefore known in advance. In this way, due 

to the persistent, large and highly significant negative average return of World Cups 

between 1950 and 2006, the aggregate effect is predictable and exploitable. Investors can 

benefit from the World Cup anomaly by shortening stocks right before the World Cup 

which will even amplify the decline of the stock prices.  

In addition to Kaplanski & Levy (2010), a research paper by Chang, Chen, Chou & Lin 

(2012) extends Edmans et al. (2007) by examining the potential relationship between 

investors’ sentiment and stock returns at a firm level. They analyze the impact of NFL 

results on NASDAQ firms whose headquarters are closely located to the NFL teams. The 

results indicate that there is a significant lower return on the trading day following the 

match for the respective companies. Moreover, the effect is amplified for surprising losses 

and those which are considered as highly important. They conclude that unexpected 

losses as well as critical game defeats imply a bigger shift in investors’ sentiment and thus 
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result in even more significant negative abnormal returns. Additionally, the loss effect is 

stronger for small and more volatile firms. 

A study by Gerlach (2011) reviews the analysis by Edmans et al. (2007) and provides 

several contradicting results compared to the literature previously presented. The main 

critics by Gerlach is attributed to the assumption that market related information had the 

same effect on the winners’ as on the losers’ market on the next trading day. However, if 

there was a difference in the aggregated information influencing the winner and loser 

market, the model will falsely show that the difference in returns was related to mood 

changes induced by the match and not the difference in information. He states, 

Datastream’s World Market Index can’t capture regional factors influencing stock market 

returns. Moreover, the Index mainly comprises developed countries as the U.S., Canada, 

Japan and Western Countries accounting for nearly 80 percent of the index’s market 

value. Thus, for instance regional developments in South America are poorly controlled for 

by the index. To account for these regional differences, Gerlach (2011) introduced a 

procedure where countries are matched to the country with the largest gross domestic 

product with which they share a boarder. When one country shares an event day during 

the world cup with the respective country, the next largest border country is used. The 

data show that in 23 out of 32 countries in the sample, the World Cup participant has a 

higher correlation with the matching country than with the World Market index. In the 

empirical analysis, mean returns of World Cup participants on the first trading day after a 

match are compared to those by their respective matching countries. Both the World Cup 

participants’ mean and their matching countries show significant negative returns on the 

next trading day. Nevertheless, the difference between both mean returns is insignificant. 

Whereas the loss effect by the World Cup participants can be explained by changes in 

mood, there was no reasonable explanation for a statistically significant loss effect for the 

matching country. The results are confirmed when trimming return data by 20 percent - 

largest 10 percent and lowest 10 percent from each group. The regression analysis shows 

a significant loss effect factor when considering all World Cup matches, but in contrast the 

loss effect factor can’t be proven when solely considering matches between countries 

from the same region or matches between matching countries. Kaplanski & Levy (2010) 

argue that international sports matches affected neutral markets like the matching 

countries. Gerlach (2011) shows that in the four weeks preceding the tournament, U.S. 

returns are negative and statistically significant. Additionally, the effect cannot be shown 

during European championships, where a spill-over effect is supposed to exist as well. 

Moreover, the effect weakens over time, although due to increased international 
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ownership of stocks, the exact opposite is expected to happen. Gerlach (2011) therefore 

concludes, that the World Cup effect itself isn’t the reason for the significant negative 

returns. Generally speaking there shouldn’t be any spill-over effect on the matching 

countries. Even when mood changes affect the matching country, the effect was just too 

small due to either the small margin of shares held by foreign investors or the way 

investors in the matching country are affected. Finally, Gerlach (2011) concludes that the 

relationship between international sports results and stock returns is not caused by 

national teams’ performances. 

The majority of reviewed literature in this section found evidence for a statistically 

significant loss effect after the respective sports teams were defeated and in some cases 

even lower returns in case of experiencing unexpected losses (A. R. Bell et al., 2012; 

Chang et al., 2012; Scholtens & Peenstra, 2009). The win effect has solely been identified 

by literature dealing with listed football clubs and the reaction of their respective share 

price after wins, since wins and losses were argued to have direct economic implications 

for the football club (A. R. Bell et al., 2012; Scholtens & Peenstra, 2009). In contrast, 

literature analyzing stock market movements in the respective country after the national 

team has played, did not find any significant win effect. However, the research paper by 

Boyle & Walter (2003) did not find any significant effect after games by the All Blacks. 

Gerlach (2011) questions the results provided by Edmans et al. (2007) by the comparison 

of World Cup participants’ returns and their matching countries and concludes that there is 

no correlation between sports events and stock returns through national teams’ 

performances. The analysis aims to answer the question whether the findings by Edmans 

et al. (2007) can be confirmed inter alia accounting for the provided critics. 
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5 Data 

The previous chapter showed that current literature does not provide a definitive answer 

whether sport events impact the risk assessment of investors trading on the stock market. 

This paper aims at testing this hypothesis using different financial data sets and a 

previously unmatched number of football games. The following chapter elaborates on the 

data sample used in the analysis of this paper. The first section will illustrate and explain 

the football data used for the empirical analysis. In the second part of this chapter the 

financial data inputs are presented and discussed. 

 

5.1 Football Data 

The collected data comprise international football results from January 1973 through 

December 2018 from the website: www.kaggle.com/martj42/international-football-results-

from-1872-to-2017. The data sample includes games of 24 national teams from the World 

Cup and the main continental championships including the respective qualification 

(European Championship, Copa America, Gold Cup and Asian Cup).  

 

5.1.1 Tournament Structure 

The international football competitions partly use different formats for the qualification 

process and the final tournament itself. The World Cup, European Championship and 

Asian Cup is played every four years. Moreover, the Asian Cup once shortened the time 

interval between the tournaments in 2007 from four to three years but went back to the 

regular time span afterwards. The Copa America and CONCACAF Gold Cup take place in 

less constant time intervals between the respective tournaments. Typically, both 

tournaments take place every two to three years. 

When considering the formats of the different competitions the World Cup, European 

Championship and Asian Cup over the past 60 years, national teams have to run through 

a qualification process to progress to the respective tournament. These games are 

referred to as “qualification games”. An additional stage within the qualification process 

are the play-offs. The play-offs are typically played between the teams which where one 

spot behind the place in their group which directly qualified for the respective tournament. 

Thus, these teams play two additional legs, with each team having the home advantage 

once. The winner of the play-offs qualifies for the respective tournament as well. The host 

country is automatically pre-qualified for the respective tournament and thus doesn’t have 

to go through the qualification stage. The participants of the Gold Cup are determined 

http://www.kaggle.com/martj42/international-football-results-from-1872-to-2017
http://www.kaggle.com/martj42/international-football-results-from-1872-to-2017
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through regional tournaments in Central America and the Caribbean. Opposed to this 

“classical” approach, all national teams participating in the Copa America are 

automatically qualified for the group stage of the tournament.  

In the next stage, based on the performance during the qualification process, 32 national 

teams participate in the World Cup. The teams are divided in 8 groups, consisting of 4 

teams per group. The games in this stage will be denoted as “group games”. The same 

procedure is applied for continental tournaments. However, the exact number of teams 

and groups varies over time and between competitions. One special feature of the 

CONCACAF Gold Cup and the Copa America is that so-called guest invitees are allowed 

to participate in the tournament. For example in the case of the Gold Cup, the Asian Cup 

champion or teams which belong to the South-American Football Federation CONMEBOL 

have been granted a spot for the tournament. 

After playing each opponent in the group once, regularly the top two of each group 

advance to the “knock-out” stage. In the “knock-out” stage, draws are not possible 

anymore. Games will be decided in over-time or penalty shoot-out. Therefore, after each 

elimination round just half of the teams reaches the next round until the team which 

survives all knock-out matches becomes the winner of the World Cup. The European 

Championship, Copa America, Gold Cup and Asian Cup follow the same knock-out stage 

process to determine the champion of their respective continent. However, there does not 

exist a match for third place in the European Championship and CONCACAF Gold Cup. 

 

5.1.2 Game Selection 

The international football sample contains football games played by 24 different nations 

between January 1973 and December 2018. As illustrated in table 1, we analyze 1192 

wins and 840 losses totaling 2032 matches. Draws are excluded. The whole sample 

comprises 714 “group-stage” games and 525 “knock-out” stage games from the World- 

and Continental Cups. Games in the knock-out stage which are decided via penalty shoot-

out, when teams draw after the regular play time including over-time, are officially 

recorded as draws. However, games won or lost in a penalty-shootout are considered as 

important as knock-out stage games won by a team after regular play time. Therefore, for 

various games the results were adjusted to the final result after penalty-shootout. The final 

results were taken from the federations’ website organizing the tournament. Additionally, 

when a tournament consisted of two group stages, where the second “group-stage” was 

used as a replacement for “knock-out” stage games up to the semifinals, the group games 

of the second stage were redefined as “knock-out” games. The same procedure is applied 
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for the play-off games in the qualification process. These games share the elimination 

feature of the “knock-out” stage and therefore were reallocated to the “knock-out” sample.  

Moreover, the sample comprises additional games played during the “qualification 

process” for these tournaments. Whereas all games during the Championships are 

considered to be “mood relevant”, each national team only plays a few relevant 

qualification games against opponents with equal quality. Therefore, some qualification 

games have to be excluded from the sample to eliminate the possibility of games with 

almost certain outcome diluting the measurement of mood effects on the market. To 

determine the games which can have a significant mood impact, the ELO-ratings of the 

national teams in our sample are considered as an approximation for the skill level of the 

respective national teams. This is in line with findings from Edmans et al. (2007) indicating 

that ELO-ratings are highly correlated with the betting odds offered by the market before 

the match. The ELO-ratings used in this paper are provided by the online platform 

“www.eloratings.net”. The scores itself are determined under consideration of the type of 

match, the home team advantage and adjustments accounting for the goal difference in 

the match result. The rating considers all international “A” matches and is adjusted after 

each played match.  

 

Figure 3 ELO-Difference 

Figure 3 presents the development of the difference between the 1st placed teams’ ELO-rating and the 10th 

placed teams’ ELO-rating. The red line depicts the average difference during the time span 1973 – 2018. This 

average is equal to 187 points. 

 

A qualification game is mood relevant when the difference in ELO-ratings between the two 

opponents can be considered “small”. Hereby, 100 points are added to the team’s ELO-

rating with the home-advantage. The criteria which is defining a game as relevant is 

based on the average difference between the 1st and the 10th team in the ELO-rating list, 

considered over the entire sample period. The following graph depicts the aforementioned 

difference in ELO-ratings over the period 1973-2018. The average difference in ELO-
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ratings between the 1st placed team and the 10th placed team is 187 points over the 

sample period.  

Thus, the total sample of relevant “qualification matches” comprises 793 games excluding 

all qualification games that included teams whose ELO-difference exceeds 187 points 

even after adjusting for home-field advantage. Table 1 summarizes the number of games 

for the respective countries in greater detail. Whereas countries such as Germany and 

Brazil are characterized by a high win-ratio of almost 75 percent, the entire sample still 

has an average win-ratio of 58.6 percent. Therefore, wins and losses are both well 

represented for later analysis. 

 

Table I Football Games by Country 

Table I presents the total number of games played by each country that is included in the analysis. One can 

also depict the number of “Elimination Games”, “Group Games” and “Qualification Games” played by each 

country in either a World Cup or a Continental Cup.  

 

Table I depicts the countries included in our sample as well as the number of games that 

are part of the sample for each country. Furthermore, the table presents the number of 

games each country played in the respective stage of a World Cup or Continental Cup 

and the games’ outcome. One should note that the above table only includes the games 

that are part of the analysis. Therefore, games that are within the time period of available 

football data but do not fall in a period of available financial data are not included in table 

1. Further details to the financial data being used are presented in the following chapter.  
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5.2 Return Data 

The financial data used in this thesis includes continuously compounded log-returns of 

total stock market indices as well as small-cap indices for all 24 countries. Additionally, 

several representative indices are used to predict expected (normal) market returns. The 

following chapter will provide detailed descriptions of these indices in addition to a 

description of the companies that are included in the final step of the analysis. 

 

5.2.1 Indices 

This study uses total market index data from Datastream (DS) for 23 countries included in 

the analysis. Since this index did not offer a sufficient amount of observations for the 

Croatian market we use the CROBEX-index instead. In accordance with Edmans et al. 

(2007) the DS-World index is used as an approximation of the world market return. This 

can be criticized since developed countries such as U.S., Canada, Japan and Western 

Europe account for almost 80 percent of the total index’s market value. However, since 

most regional indices closely follow the developments of the largest economies, we 

consider the DS-World index to be a good representation of the total market. 

Nevertheless, in a later analysis we use regional indices to verify the results accounting 

for this criticism. Hereby, the MSCI Europe is utilized for the European market, the MSCI 

Latin America for the countries from South America as well as Mexico and the MSCI 

Pacific for Japan and South Korea. For the different football nations comprised in the 

sample, the respective DS-total return index is utilized to gather stock market returns, 

when available for a sufficient period of time. The total return index implies that dividends 

are reinvested. If total return index data is in general unavailable or does not cover an 

adequate period of time, then price index data is used instead. In contrast to the total 

return index, the price index assumes that dividends are withdrawn. Datastream can 

provide DS-total return index data for all countries in the sample except Croatia, where the 

CROBEX-Price-Index is utilized instead. Starting dates, mean log return and the standard 

deviations for the different indices are reported in Table II. 
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Table II Country Indices 

Table 2 presents the starting date, mean log return and the standard deviation of each country’s’ DS-Total 

Market Index. Furthermore, on the right side of the table the small cap stock indexes used in the second part 

of our analysis are described. 

 

For the later analysis small cap indices are used to examine whether the win- or loss 

effect is amplified for indices with a higher share of local ownership. The data are 

collected as total market return data for the majority of the countries. Nevertheless, some 

return data are based on price index data due to insufficient data coverage of the total 

return index data. Thus, price index data are used for Japan and South Korea. Return 

data coverage is available for different time periods ranging from the earliest start for 

Japan in 1986 to the latest start for Romania in 2010. Therefore, games coverage for the 

different nations varies, since games are excluded which are not covered by the return 

data. In summary, the sample comprises 725 wins and 544 losses totaling 1269 games. 
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5.2.2 Dual Traded Companies 

For the identification of dual traded companies (DTCs), i.e. companies whose stock is 

traded on the national stock exchange of a country in our sample as well as on a stock 

exchange in New York, the webpage “www.topforeignstocks.com” is used. Stock return 

data is taken from Datastream for the company and its respective American depository 

receipt (ADR). We again use the total return index provided by Datastream to include 

possible dividend returns in our analysis. An ADR is a certificate issued by American 

banks representing the claim on a share of a stock which is traded on a foreign stock 

market. Hereby, the foreign share is traded on an American Stock Exchange and 

therefore denominated in dollars. The owner of the ADR is entitled to any dividend 

payments or other benefits which are associated with the underlying stock. The value of 

the ADR is based on the same financial fundamentals as the actual foreign share and 

thus expected to have a similar return profile.  

We exclude companies covering an insufficient period of time to increase the relevance of 

the analysis. Insufficient period implies that less than two tournaments are covered by the 

return data. In the next step, exchange rates are taken from Datastream to translate the 

US. Dollar denominated return index of the ADRs’ to the local currency of the underlying 

stock.  

Moreover, to assure the adequacy of the later analysis, a pre-selection of suited stocks is 

implemented. Thus, the correlation of the total return index of the locally trading company 

and the respective ADR is calculated, as an indicator for the co-movement of both assets. 

Therefore, DTC shares associated with a correlation of less than 50 percent are excluded 

from the sample. In summary, a total of 44 companies remain in the sample for the 

analysis. The table below summarizes the DTCs of each country, the beginning of the 

time-series and their respective correlation. For additional details please refer to the 

Appendix. 
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Table III Dual Traded Companies 

The table depicts the countries included in the analysis of dual traded companies. In the second column the 

number of companies is shown. The table also states the first date of available financial returns by one or 

more of the companies of the respective country. In the last column the average correlation between the 

stocks and their respective ADRs is presented. 

 

Now that the foundation of this paper in form of financial and football data has been 

provided, we move on to elaborate on the methodology that is used to analyze this data. 
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6 Methodology 

In line with the methodology used in related studies, this paper applies the event study 

methodology first proposed by Fama, Fisher, Jensen and Roll in their paper from 1969. 

Several different approaches to this method exist in the literature. This chapter will present 

the methods applied in this paper as well as relevant significance tests conducted. First, 

the two applied event study approaches are discussed. Then, the methodology used to 

generate normalized returns is shown. Finally, the robustness checks applied to the 

results to verify their significance are presented. 

 

6.1 Event Study Approach 

An event study uses financial market data to measure the impact of newly released 

information on stock prices. In practice, the event study methodology has been applied to 

test whether the market efficiently incorporates information and how this translates into 

stock price reactions. (Binder, 1998) 

Event studies are conducted in a variety of different analyses measuring the impact of firm 

specific or economy wide events such as mergers and acquisitions, earnings 

announcements or announcements or macro-economic variables. Whereas these events 

are associated with direct economic implications for a firm ’s performance (MacKinlay, 

1997), the football game results which are considered in this thesis have no economically 

measurable impact. Therefore, the applied event study is determining the impact of an 

economically irrelevant event for firm performances and thus challenges the efficient 

market hypothesis by assuming irrationality in investors’ behavior (Edmans et al., 2007). 

The first event study approach uses time-constant betas to estimate normal returns in line 

with the approach used by Edmans et al. (2007). The second approach applied in this 

paper as a robustness check uses the commonly known method of time-varying betas in 

line with Scholtens & Peenstra (2009). 

 

6.1.1 Time-Constant Betas 

In contrast to the most common event study approach Edmans et al. (2007) refrain from 

using a rolling beta regression, instead of using the complete return data to estimate 

country specific coefficients. This method has several key advantages and disadvantages. 

First, abnormal returns are the result of the difference between in-sample predictions of 

normal returns for a national stock index at time t and the actual returns of that stock index 

at time t. Normal returns are in this case the returns estimated through the regression 
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model. This is opposed to the out-of-sample predictions used in the event study approach 

described by Campbell, Lo, & MacKinlay (1997). Moreover, using this approach Edmans 

et al. (2007) avoid the construction problem of having estimation windows that overlap 

with previous event dates. This issue will be discussed in the following chapter. However, 

the constant volatility assumption of an OLS regression can be criticized. To correct for 

this a GARCH model is used to standardize the returns. The exact process is described 

later in this chapter. The following regression model is constructed and estimated using an 

OLS-regression to estimate daily abnormal returns: 

 

𝑅𝑖𝑡 =  𝛾0𝑖 + 𝛾1𝑖𝑅𝑖𝑡−1 + 𝛾2𝑖𝑅𝑚𝑡−1 + 𝛾3𝑖𝑅𝑚𝑡 + 𝛾4𝑖𝑅𝑚𝑡+1 + 𝛾5𝑖𝐷𝑡 + 𝛾6𝑖𝑄𝑡 + 𝜀𝑖𝑡 (1) 

 

The continuously compounded log return 𝑅𝑖𝑡 of country i at time t is regressed on the 

previous day’s return of itself to account for autocorrelation within the index. Considering 

the variety of countries included in the sample the regression includes the market index 

𝑅𝑚𝑡 at time t as well as a lagged and future version in form of 𝑅𝑚𝑡−1; 𝑅𝑚𝑡+1.The lagged 

and future market index is included to account for the fact that some countries in the 

sample are economically large and therefore possibly lead the index while other countries 

lag it. Time differences are another reason that could cause this effect. Furthermore, the 

regression model accounts for the weekend and the holiday effect. The weekend-effect is 

included by using dummy variables 𝐷𝑡 = [𝐷1𝑡 , 𝐷2𝑡 , 𝐷3𝑡 , 𝐷4𝑡] that equal one for days 

Monday through Thursdays and zero otherwise. 𝑄𝑡 = [𝑄1𝑡 , 𝑄2𝑡 , 𝑄3𝑡 , 𝑄4𝑡 , 𝑄5𝑡] are dummy 

variables that are one for days on which the previous 1 through 5 days have been non-

weekend holidays and zero otherwise. The regression residuals denoted 𝜀𝑖𝑡 are assumed 

to have a mean of zero and a time independent variance of 𝜎𝑖
2.  

This time independent variance of the residuals is often criticized. Studies show that stock 

index returns exhibit time varying volatility (Bollerslev, Engle, & Nelson, 1986). As a result, 

events occurring during periods of high volatility would have a downward bias in their 

standard error. To correct for this, stock return volatility is estimated using a GARCH(1,1) 

model as developed by Engle (1982) and generalized by Bollerslev (1986). In other 

words, after regression (1) is used to model stock returns of country i the volatility of the 

error term is modelled through a GARCH (1,1) process as follows: 

𝜎𝑖𝑡
2 = 𝜆0𝑖 + 𝜆1𝑖𝜀𝑖𝑡−1

2 + 𝜆2𝑖𝜎𝑖𝑡−1
2   (2) 
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The estimated variance of the error term is then subsequently used to generate 

normalized stock returns.  

𝑅𝑖𝑡
0 = 𝛼𝑖 + 𝑏𝑖(1

�̂�𝑖𝑡
⁄ )𝑅𝑖𝑡   (3) 

 

𝑅𝑖𝑡
0  are the normalized stock returns. The coefficients are chosen in a way that the 

normalized stock returns have a mean of zero and a standard deviation of 1. The 

estimated error term standard deviation of country i at time t is equal to �̂�𝑖𝑡.The normalized 

returns are then again used in equation (1). The newly obtained normalized residuals are 

denoted as 𝜀�̂�𝑡. These residuals are mainly used in the following analysis. To distinguish 

between the first and the second set of residuals this paper refers to the first set of 

residuals as raw abnormal returns and the second set as normalized abnormal returns. 

Having generated two time-series of abnormal returns for each country in our sample a 

cross-sectional analysis of these returns is constructed to measure the effect of football 

game results on stock markets. This analysis is described in the section “Cross-Sectional 

Analysis”. 

 

6.1.2 Time-Varying Betas 

According to Campbell et al. (1997) event studies do not possess one unique structure, 

but most researchers follow general procedure when implementing them. The following 

chapter elaborates on the steps necessary when conducting a standard event study 

(Campbell et al., 1997) as well as the adaptation made by this paper to increase the 

validity of this study. At first, the event of interest and the examination period over which 

the indices of the countries involved in the analysis need to be defined. The examination 

period also called event window can be defined as a time period, which in addition to the 

actual event day also takes the days surrounding the event into account. Nevertheless, 

we consider just the one day after the football game occurred. Since stock return are not 

available for Saturdays and Sundays and football games regularly take place on Fridays 

and on week-end days, we shift the event day to the Monday following the matches 

(MacKinlay, 1997). It is assumed that expanding the event window would have resulted in 

a dilution of the football game impact.  

After the identification of the event, it is necessary to define the data selection criteria. 

Potential principles can comprise a certain degree of data availability and the notion of 

any biases which can arise from the data selection process.  
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In order to test the impact of an event, a measure of the abnormal returns needs to be 

introduced. The abnormal return is defined as the difference between the actual and the 

expected or normal return over the event-window. The abnormal return of country i’s index 

at time t is defined as follows: 

𝐴𝑅𝑖,𝑡 =  𝑅𝑖,𝑡 − 𝐸(𝑅𝑖,𝑡|𝑋𝑡)   (4) 

 

where 𝐴𝑅𝑖,𝑡 is the abnormal return, 𝑅𝑖,𝑡the actual return and 𝐸(𝑅𝑖,𝑡|𝑋𝑡) the expected return 

for the respective time period 𝑡. 

The actual return is determined by the country specific indices i at time t. Thus, we are left 

with the prediction of the normal return. According to Campbell et al. (1997) the expected 

or predicted return without conditioning on information which are revealed by the event 

can be determined by the application of three different techniques: constant-mean return 

models, market models or multi-factor models. In this study, a market model and a multi-

factor model are applied. Therefore, the results of this analysis can be interpreted as a 

robustness check of the overall results of chapter 6.1.1 as well as the advantage of using 

additional factors (Campbell et al., 1997). 

The basic parameters of the market model for each index i in the sample is estimated with 

the following formula:  

𝑅𝑖,𝑡 =  𝛼 + 𝛽𝑖𝑅𝑚𝑡 + 𝜀�̃�,𝑡   (5) 

 

where 𝐸(𝜀𝑖,𝑡 = 0)and 𝑉𝑎𝑟(𝜀𝑖,𝑡) = 𝜎𝜀
2. 

𝑅𝑖,𝑡 and 𝑅𝑚𝑡  are the returns in period t on security i and the market portfolio. The error 

term 𝜀�̃�,𝑡 contains the effect of the football games results for each country i on the event 

date t, while alpha and beta are predicted using the ordinary least square method (OLS) 

(Fama et al., 1969). In order to get adequate regression results, the prediction period also 

called estimation window has to be defined. Typically the estimation window lies in the 

period prior to the event data, whereas the event window is not included to avoid any 

impact of the event on the normal performance model parameter results (MacKinlay, 

1997). This paper choses an event window of 200 days prior to the event. However, one 

should account for possible complications resulting from this approach. Especially during 

tournaments (i.e. World Cups, European Championship, Copa America etc.) most teams 

play several games in a short time. As a result, the estimation window of all but the first 

game will certainly include at least one event day. Nevertheless, since the analysis of this 

paper involves events that are uncorrelated with the market, the measured abnormal 

returns on event days can be considered noise. Therefore, the inclusion of these in the 
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estimation window should not have a significant impact on our analysis especially since 

the large estimation window will also include a sufficient number of non-event days. 

In addition to the market model our analysis will also include a multi-factor model using a 

rolling beta approach. This model is structured similarly to the previously discussed 

market model approach yet includes several additional factors to increase the 

accurateness of the model. Thus, the event window will once again be the first trading day 

after a football game and the estimation window will be over a period of 200 trading days 

before the event day. The following multi-factor model is used to estimate expected 

returns and deduce abnormal returns due to mood-events: 

 

𝑅𝑖𝑡 =  𝜃0𝑖 + 𝜃1𝑖𝑅𝑖𝑡−1 + 𝜃2𝑖𝑅𝑚𝑡−1 + 𝜃3𝑖𝑅𝑚𝑡 + 𝜃4𝑖𝑅𝑚𝑡+1 + 𝜃5𝑖𝐷𝑡 + 𝜃6𝑖𝑄𝑡 + 𝜖𝑖𝑡  (6) 

 

This model is constructed in a similar fashion than equation (1) to increase comparability 

of results. The variables are defined as follows: The continuously compounded log return 

𝑅𝑖𝑡 of country i at time t is regressed on itself lagged by one period [𝑅𝑖𝑡−1] to account for 

any one-period serial correlation in the index. Considering the variety of countries included 

in the sample the regression includes the market index 𝑅𝑚𝑡 at time t as well as a lagged 

and future version in form of 𝑅𝑚𝑡−1;  𝑅𝑚𝑡+1. The lagged and future market index is 

included to account for the fact that some countries in the sample are economically large 

and therefore possibly lead the index while other countries lag it. Furthermore, the 

regression model accounts for the weekend and the holiday effect. The weekend-effect is 

included by using dummy variables 𝐷𝑡 = [𝐷1𝑡 , 𝐷2𝑡 , 𝐷3𝑡 , 𝐷4𝑡] that equal one for days 

Monday through Thursdays and zero otherwise. 𝑄𝑡 = [𝑄1𝑡 , 𝑄2𝑡 , 𝑄3𝑡 , 𝑄4𝑡 , 𝑄5𝑡] are dummy 

variables that are one for days on which the previous 1 through 5 days have been non-

weekend holidays and zero otherwise. The regression residuals denoted 𝜀𝑖𝑡 are assumed 

to have a mean of zero and a time independent variance of 𝜎𝑖
2.  

 

The previously described approach provides abnormal returns for all events of each 

country. These returns can then be analyzed and tested for significance in a cross-section 

analysis. For future reference the abnormal returns derived in this chapter will be denoted 

as simple abnormal returns 𝜀�̃�𝑡.  
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6.2 Cross-Sectional Analysis 

Now that abnormal returns have been generated, a cross-sectional analysis is conducted 

to test whether a significant abnormal return can be measured across all countries and 

events. Several different cross-sectional analysis are conducted in this paper: 

In the first part, the average abnormal returns are analyzed. Hereby the analysis is 

conducted across the different game subgroups. In other words the average abnormal 

returns after wins in qualifying games are contrasted to average abnormal returns after 

losses in the same game subgroup. This process is done with all subgroups as well as the 

overall dataset. The results are then tested for significance. This process is described in 

the next chapter. 

Since this paper applies several different approaches for additional robustness checks the 

following process will have to be conducted three times. Once for the raw abnormal 

returns [𝜀𝑖𝑡], then for the normalized abnormal returns [𝜀�̂�𝑡]and finally for the simple 

abnormal returns 𝜀�̃�𝑡. The raw and normalized abnormal returns are generated using the 

approach elaborated in subchapter X.1.1 while the simple abnormal returns are the results 

of the common event study approach. 

In the second part, the analysis is purely based on the normalized abnormal returns. This 

is due to the fact that the simple abnormal returns are only generated for event days 

whereas the following analysis requires abnormal returns for every trading day. The 

following cross-sectional regression model is used to estimate the win- and loss-effect due 

to national football games (Edmans et al., 2007): 

 

𝜀�̂�𝑡 = 𝛽0 + 𝛽𝑊𝑊𝑖𝑡 + 𝛽𝐿𝐿𝑖𝑡 + 𝑢𝑖𝑡  (7) 

 

In this regression model the variable 𝑊𝑖𝑡 = [𝑊1𝑖𝑡 , 𝑊2𝑖𝑡 , … ] is a dummy variable for wins 

and 𝐿𝑖𝑡 = [𝐿1𝑖𝑡 , 𝐿2𝑖𝑡 , … ] is a dummy variable for losses. Specifically, 𝑊𝑔𝑖𝑡 is a dummy 

variable equal to one if country i wins a game in subgroup g (i.e. World Cup Elimination 

Games) on a day that makes t the first trading day afterwards, and zero otherwise. The 

dummy variable 𝐿𝑔𝑖𝑡  is defined in the same way as the dummy variable for wins except 

that it is one for losses and zero otherwise. To account for the longitudinal data or panel 

data the model is estimated using panel-corrected standard errors (PCSE). This allows 

heteroscedasticity and contemporaneous correlation across countries for serially 

uncorrelated error terms with a mean equal to zero. Panel data means that the data is 
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multi-dimensional (i.e. sorted by country and date). Because the number of observations 

per country is not always the same the dataset is unbalanced.   
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6.3 Robustness Checks 

All regression results presented in this paper are tested for significance. The results to 

these tests are usually stated next to the regression result. 

Generally, we assume that abnormal returns follow a Student t-distribution. The null 

hypothesis is that the average abnormal return of game subgroup G, with results R taken 

from the abnormal return dataset D is equal to zero. The opposing two-sided alternative 

hypothesis is that this average abnormal return is different from zero. To summarize, the 

hypotheses are as follows: 

𝐻0:  𝐴𝑅̅̅ ̅̅
𝐺𝑅𝐷 = 0 

𝐻1:  𝐴𝑅̅̅ ̅̅
𝐺𝑅𝐷  ≠ 0 

 

While the game subgroups (i.e. World Cup elimination games, etc.) have already been 

mentioned the index R stands for either Win or Loss. The index D identifies the dataset 

used. For example, a t-test will be conducted to test the null hypothesis that the average 

raw abnormal returns (D = Raw abnormal returns) are zero after a win (R = Win) in a 

World Cup elimination game (G). 

The null hypothesis will be rejected if either of the following conditions is met: 

 

𝐴𝑅̅̅ ̅̅
𝐺𝑅𝐷 − 0

𝑠𝑑

√𝑛
⁄

< −𝑡
𝑛−1,   

𝑎
2

 𝑜𝑟 
𝐴𝑅̅̅ ̅̅

𝐺𝑅𝐷 − 0
𝑠𝑑

√𝑛
⁄

> 𝑡
𝑛−1,   

𝛼
2
 

 

The term |𝑡𝑛−1 ,   
𝑎

2
| represents in this context the t-value on a significance level of alpha 

and n-1 degrees of freedom. In this paper and in line with other scientific work the 

significance of results will be measured on three significance levels. The 10 percent, 5 

percent and 1 percent significance level. The respective t-statistics for these significance 

levels assuming infinite degrees of freedom and a two-sided t-test are: 

 

• 𝑡∞,𝛼=10% =  1.645  

• 𝑡∞,𝑎=5% =  1.96  

• 𝑡∞,𝑎=1% =  2.53  

 

The assumption of infinite degrees of freedom is appropriate since any degree of freedom 

above 60 degrees of freedom does not noticeably change to resulting critical t-value.   
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6.4 Dual Traded Company Analysis 

The analysis of this paper is extended by evaluating price differences of dual traded 

companies. Hereby, for every country in the sample a number of dual traded companies 

are selected. The equity of these companies is traded on a stock exchange in their home 

country as well as in New York in form of ADRs. While choosing the appropriate 

companies the correlation of each company’s equity price in the home market and the 

ADR’s price in the US-market was calculated and every company with a correlation below 

50 percent was eliminated from the sample. 

The following regression model is used to estimate expected or normal returns: 

 

𝑅𝑖𝑡
𝐶 =  𝛾0 + 𝛾1𝑅𝑖𝑡−1

𝐶 + 𝛾2𝑅𝑈𝑡−1
𝐶 + 𝛾3𝑅𝑈𝑡

𝐶 + 𝛾4𝑅𝑈𝑡+1
𝐶 + 𝛾5𝑊𝐶𝑡 + 𝜀𝑡

𝐶  (8) 

 

The term 𝑅𝑖𝑡
𝐶  denotes the continuously compounded log return of company C traded in 

country i at time t. This return is regressed on a lagged version of itself as well as the 

lagged, current and future continuously compounded return of the ADR traded on the New 

York exchange 𝑅𝑈𝑡
𝐶 . To account for the World Cup effect found by Kaplanski & Levi (2010) 

a dummy variable WCt is added to the regression which is equal to one during the months 

of June and July in World Cup years and zero otherwise. 𝜀𝑡
𝐶 denotes the residuals also 

called the abnormal return (AR). These abnormal returns of each company C at time t are 

combined as an equally weighted average according to equation (8).  

 

𝐴𝑅̅̅ ̅̅
𝑖𝑡 =  

∑ 𝜀𝑡
𝐶𝑛

𝐶=1

𝑛
   (9) 

 

In the final step of the analysis, the average abnormal returns of country i at time t are 

used in a cross-sectional analysis model to estimate the win- and loss- effect due to 

national football games. 

𝐴𝑅̅̅ ̅̅
𝑖𝑡 = 𝛽0 + 𝛽𝑊𝑊𝑖𝑡 + 𝛽𝐿𝐿𝑖𝑡 + 𝑣𝑖𝑡  (10) 

 

This regression model is constructed in the same way as equation (6). The abnormal 

returns of each country at time t are regressed on a dummy variable 𝑊𝑔𝑖𝑡 that is equal to 

one if country i wins a national football game in subgroup g on a day that makes t the next 

trading day and zero otherwise. The dummy variable for losses is defined analogously. 

Additionally, the model is again estimated using panel-corrected standard errors (PCSE) 

to account for the panel data.  
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7 Hypothesis Development 

This chapter presents and further elaborates on the main hypotheses that we have 

developed for the later analysis. One should note that this thesis partly follows the 

empirical analysis by Edmans et al. (2007) and thus may present hypotheses which have 

been previously examined by research papers. In the first part, general hypotheses are 

discussed before these are extended to include specific hypotheses that are of interest in 

the second part. The hypotheses tested in this paper are as follows: 

 

H1- National stock indices are affected by the results of football matches of their 

respective national team.  

 

The impact of football match outcomes on stock market indices is assumed to be based 

on the mood change of the investors due to this event. Since trading on national stock 

markets continues to be predominantly conducted by investors belonging to the respective 

nation, a significant impact to national stock indices is assumed. This hypothesis is a 

contradiction to the efficient market hypothesis, assuming that economically non-relevant 

events influence the stock markets. The hypothesis is motivated by theory and previous 

literature providing results which indicate positive abnormal returns after wins as well as a 

significant loss-effect after losses of the respective national team.  

 

H2- National stock indices are stronger affected by football losses than by football wins. 

 

The majority of previous literature has illustrated the loss-effect and found little evidence 

for a win-effect. In general, losses have more extensive consequences than wins, due to 

the potential elimination in knock-out stage games during a tournament. Moreover, the 

hypothesis is in line with the previously mentioned loss aversion theory and other 

psychological literature. 

 

H3- The greater the importance of a country’s football game the stronger is the effect on 

the respective stock market index on the following trading day. 

 

Edmans et al. (2007) show that the coefficient of the loss effect is the highest for 

elimination games. This result is in line with the loss aversion theory, since losing in an 

elimination game directly implies the elimination from a tournament. Therefore, investors 

are expected to be the most affected by losses in the knock-out stage since these are 
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considered as the most important losses. The following analysis will continuously test this 

hypothesis by comparing possible loss and win effects at different tournament stages. 

 

H4- Higher win probabilities induce a stronger loss-effect. 

 

One might argue, surprising losses based on pre-expectations have an impact on the 

extent of the loss effect. Whereas Palomino et al. (2009) show that a higher loss 

probability resulted in a smaller loss-effect, Edmans et al. (2007) find no evidence for a 

significant effect of win probabilities on index returns. However, their testing is limited to 

the assumption of rational investors including the win probability in their asset pricing 

models prior to the game to adjust the price in accordance with the expected after game 

mood of irrational investors. This paper will investigate how abnormal returns differ if the 

win or loss was unexpected. 

 

H5- National stock indices are stronger affected by football losses and wins for those 

national teams hosting the tournament.  

 

This hypothesis is based on the assumption that due to the bigger awareness of the 

tournament in the respective host country, more investors are emotionally influenced by 

the performance of the national team. Moreover, the success of the host team could also 

have direct economic implications for the nation such as lost revenue due to missed public 

viewing events.  

 

H6- The analysis approach applied does not impact the measurement of a significant loss 

effect. 

 

The methodology chapter introduced two different approaches to creating abnormal 

returns. On one hand, the classical approach using rolling betas and the market model to 

generate normal or expected returns which are then compared to the actual returns. On 

the other hand, the constant-beta approach in combination with the market model and a 

GARCH(1,1) correction to account for high volatility periods as used by Edmans et al. 

(2007). This paper will use both models to sanity-check prior results. 
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H7- National small- and mid-cap indices are stronger affected by both football losses and 

wins.  

 

Empirical findings indicate that small and mid-cap companies are held by a higher share 

of national investors. Potential reasons were the home bias and the lack of immediate 

news available to foreign investors due to a lack in foreign analyst coverage. Previous 

literature assumes, that solely national investors’ mood affected the national stock indices. 

Thus, the higher the share of national investors in a specific market, the higher the 

potential impact of a football game result.  

 

H8- The price of dual traded companies exhibits the loss- and win-effect only in their 

home markets leading to significant price discrepancies between fundamentally identical 

shares traded in different markets. 

 

It is assumed that a dual traded company which is traded on a country’s index whose 

national team is playing, is affected by the outcome of the game, whereas the ADR which 

is traded on the U.S. market remains unaffected. This is partly offset by the findings of 

Kaplanski & Levy (2010) stating that there is a negative World Cup effect on the US 

market independent from any results. In contrast, Gerlach (2011) shows that there is no 

impact of a country’s football result on its bordering neighbor country. Nevertheless, 

correcting for a possible World Cup effect, we test the hypothesis that arbitrage profits are 

possible due to mispricings of dual traded companies. 

 

In the next chapter the empirical analysis of the above presented hypotheses will be 

implemented, to test the relationship between football results and stock market returns.  
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8 Analysis 

The methodology chapter introduced the econometrical techniques applied in this thesis. 

Furthermore, the data that is used was described and its sources stated. In the following 

chapter the results of our analysis will be presented following the order outlined by the 

previous chapter. For future reference, these general hypotheses were derived from the 

previous chapters and form the basis of the following analysis: 

• Positive abnormal returns are expected after wins of the national football team  

• Negative abnormal returns are expected after losses of the national team. 

For further information on the countries, indices, time periods and games included in the 

following tables please refer to the subscript below each table as well as the “data” 

chapter of this thesis. 

 

8.1 Descriptive Statistics 

As an introduction of the analysis chapter the average mean returns across all indices and 

over the complete time period are presented. For each event (i.e. All games, World Cup 

elimination games, etc.) the number of games, mean returns and standard deviations are 

depicted to provide an overview of the general data. For future reference, the first trading 

day after a football game by the national team that is included in the analysis will be 

referred to as event-day. 

 

Table IV Descriptive Statistics 

Table IV presents descriptive statistics of the complete dataset. The table depicts the number of games, the 
mean return as well as the standard deviation of this average for each event subgroup. The average return is 
calculated as a simple arithmetic average of continuously compounded log-returns. The financial data used to 
create this table is described in the chapter “Data”. Using Datastream’s market indices for the 24 countries 
included in this analysis together with the total market return index option we compute continuously 
compounded log-returns including reinvested dividends between 1973 and 2018.  

 

The first thing to note in table IV is the number of non-event days and the average return. 

In total this analysis includes 200,568 non-event days with an average daily return of 4.24 
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basis points. The calculated mean returns and standard deviations are in accordance with 

the results presented by Edmans et al. (2007).  

Moving on to the win column of the table one should note the largely positive returns 

presented across different event subgroups. Over all 1,192 football game victories 

included in the analysis the average daily return on the first trading day after the game is 

4.78 basis points, thus, minimally higher than the average daily return on non-event days. 

Yet, considering the slightly higher standard deviation this change is negligible. The 143 

World Cup elimination game victories, however, exhibit an average return that is more 

than 5 times higher than the average non-event return. This in combination with a 

standard deviation that is similar in size to that of the complete sample gives a first 

indication of a possible win-effect. Nevertheless, considering the negative mean return 

related to World Cup group game wins casts doubt on the persistency of such an effect. 

This is underlined by the negative returns after Continental Cup elimination games. The 

overall tendency presented by the win column in table 4 is indecisive yet promising due to 

the fact that average returns are substantially different from the mean return on non-event 

days. 

While average daily returns after football game wins were positive, average returns after 

losses over all games are negative. This is an important first sign of a possible loss effect 

as it is opposed to an overall positive trend in daily returns. The sample includes 840 

losses in total and the average daily return on a trading day after a loss is negative 6.29 

basis points. This negative average return is, however, relativized by an increased 

standard deviation. Across the sample of 110 World Cup elimination game losses the data 

exhibits a negative mean return of 24.35 basis points. This is significantly lower than the 

average return calculated over all losses as well as over non-event days. The mean return 

after World Cup group games is even more negative at -37.27 basis points with a 

standard deviation of 125.43 basis points. Together with negative returns after Continental 

cup elimination game losses these statistics allow the assumption of negative returns after 

losses. However, positive returns after losses in World Cup qualifying games, Continental 

cup group games as well as Continental cup qualifying games indicate that the results 

might not always show the same tendencies. Nevertheless, one should note that these 

games all lack in importance when compared to elimination games and thus might not 

create the same emotional response by investors that causes a loss-effect. 
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8.2 Abnormal Returns DS-Indices 

Table V shows the main findings of this thesis. The reported statistics were derived using 

raw abnormal returns for Panel A and normalized abnormal returns for Panel B on the 

trading day following official football games in World Cups and Continental Cups and their 

respective qualification process between 1973 and 2018. The selection of teams is based 

on ELO-ratings and the frequency the teams participated in championships. Therefore, 

the sample is biased towards on average more successful football teams which explains 

that the overall sample has relatively more wins than losses.  
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Table V Abnormal Returns - DS-Indices 

The analysis is based on wins and losses of 24 football nations. The average time series has 8357 trading 
days, which results in a total of 200,568 daily return observation. The table displays the ordinary least squared 
estimates of βW and βL from the following two stage regression model. In the first stage the raw abnormal 
returns are estimated via the following regression model: 

𝑅𝑖𝑡 =  𝛾0𝑖 + 𝛾1𝑖𝑅𝑖𝑡−1 + 𝛾2𝑖𝑅𝑚𝑡−1 + 𝛾3𝑖𝑅𝑚𝑡 + 𝛾4𝑖𝑅𝑚𝑡+1 + 𝛾5𝑖𝐷𝑡 + 𝛾6𝑖𝑄𝑡 + 𝜖𝑖𝑡 

where Rit denotes the continuously compounded local index return on date t in country i, Rmt is the 
continuously compounded daily U.S. dollar return on Datastream’s worldmarket index on day t, Dt = {D1t, D2t, 
D3t, D4t} are dummy variables for Monday through Thursday, and Qt = {Q1t, Q2t, Q3t, Q4t, Q5t} are dummy 
variables for the five days following non-weekend holidays. In the second stage the following regression model 
is applied: 

𝜖𝑖𝑡 =  𝛽0 + 𝛽𝑊 ∗ 𝑊𝑖𝑡 + 𝛽𝐿 ∗ 𝐿𝑖𝑡 + 𝜇𝑖𝑡 

where uit is an error term that is allowed to be heteroskedastic and contemporaneously correlated through 
countries. W it is a dummy variable which is one if country i wins a football match and zero otherwise on the 
first trading day following a match. Lit is a dummy variable for losses which follows the same pattern. The 
normalized coefficients illustrated in Panel B are derived from the second stage residuals of a panel-
regression, where the residuals are GARCH corrected and normalized to have a mean of zero and a variance 
of one. Bold lettered numbers symbolize a statistical significance on a 5 percent level. 

 

Panel A reports a positive win- and a negative loss coefficient over the whole sample of 

matches. Considering the win sample over all games, beta is positive with 1.4 basis points 

but insignificant. The coefficients remain insignificant for the win sample, independent of  a 

particular tournament or a specific stage. Nevertheless, one can argue that when looking 

at the different stages, a tendency in coefficients is identifiable. Whereas beta is negative 

or small in qualification- and group games the win dummy variable is clearly increasing for 
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elimination games at 7.22 basis points. Thus, the coefficient is more than 5 times higher 

than over the entire win sample. However, due to its insignificance, we can’t make a 

concluding remark on how wins affect stock returns from Panel A.  

 

In contrast, the loss effect is clearly visible with a point estimate of -6.44 basis points. For 

elimination games the coefficient is even higher at -18.03 basis points, which is mainly 

driven by a staggering -33.96 basis point loss effect associated with losses in World Cup 

elimination games. Generally, the loss effect is stronger in all tournament stages of the 

World Cup as for Continental Cups which can be induced through the bigger awareness 

and pure size of World Cups compared to any other tournament. Additionally, the 

estimated coefficients increase in absolute terms with game importance. Analyzing the 

different stages of the tournaments, the loss coefficient is stronger for elimination games 

than for group and qualification matches. Hereby, one can say that elimination games 

which take place in the final stage of a tournament are associated with the strongest mood 

effect due to several reasons. On the one hand, it can be argued that these games 

receive the greatest attention through the media and from individuals, since typically these 

are the most exciting games played by the best nations in the world or the respective 

continent. Additionally, since the majority of games in a tournament take place in the 

group stage, the media can invest more resources per game in the less frequently played 

matches during the elimination stage.  

On the other hand a loss during the elimination stage is associated with a direct exit from 

the tournament which makes the games crucial for the success of the national team. 

Moreover, some group games or qualifying games might be considered irrelevant, when 

the team has already qualified for the next stage of the tournament independently from the 

outcome of the game.  

When comparing the elimination stage win and loss-sample in terms of estimated 

coefficients the differences become quite obvious. The point estimate for the loss sample 

is significant at the 5 percent level which enables us to clearly reject the null hypothesis 

𝛽_𝐿 = 0. In contrast, the coefficient for the win sample is small and insignificant. The 

results of a negative significant loss effect and a positive but insignificant win effect are in 

line with the asymmetry in consequences associated with losses and wins during the 

elimination stage. Whereas a loss is followed by the direct exit of a team, a win solely 

results in the nation progressing to the next round. Hence, while investors might shift their 

focus quite early to the next game after a win, investors experiencing a loss do not get 
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distracted with a game shortly following afterwards. Thus, investors might be affected 

more severely by the loss. 

 

Panel B in Table V illustrates the coefficient estimates using normalized abnormal returns. 

Hereby, the raw abnormal returns are normalized applying a GARCH model which 

accounts for time-varying volatility by adjusting time series variation in the return series. 

The mean of the index returns is set to zero with a standard deviation of one. By 

normalizing the index returns, the heterogeneity in volatility across the countries is 

removed. Hence, the estimates on the normalized returns are not distorted by returns that 

stem from periods of high volatility. 

 

The results in Panel B are slightly different compared to those in Panel A. The win sample 

shows an ambiguous picture. The win coefficient for elimination games remains positive 

but diminishes to 1.43 basis points and thus stays insignificant. At the same time, the 

group and qualifying games coefficients are even negative, but small and insignificant. In 

consequence, for all games the win coefficient is negative. Even though the result is 

insignificant, a negative win effect would be a contradiction to any previously presented 

theory, since wins are associated with a positive mood and therefore positive abnormal 

returns. 

The loss sample indicates changes primarily through the size of the respective 

coefficients. To make the coefficient results interpretable, we have to understand that 

𝛽_𝐿 = −0.112 for all games implies an average return that is 0.112 standard deviations 

below its mean. Thus, the point estimate for eliminations games increases from -18.03 to -

13.74 basis points and is less significant. However, the effect is amplified for qualifying 

and group games with -14.13 and -17.31 basis points, respectively. This indicates that 

even though elimination games according to theory are the most relevant games, group 

games and especially qualifying games have a stronger loss effect after the normalization 

process. For all games the estimated coefficient declines to -15 basis points. 
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8.3 Trimmed Abnormal Returns 

The following table includes events trimmed of outliers. The sample is trimmed by 

excluding the highest and lowest 10 percent of abnormal returns on event-days for each 

subgroup. As a result, 20 percent of events are eliminated in each subgroup. This 

trimming of events depending on their normalized abnormal returns is conducted to 

generate a clearer picture of abnormal returns after wins and losses by eliminating 

extreme outliers. Theoretically, one would expect large outliers that are contrary to our 

hypothesis to be eliminated by this method resulting in a clearer picture of win- and loss-

effects. 

 

 

Table VI Trimmed Normalized Abnormal Returns 

Table VI presents the estimated beta coefficients of the following equation using normalized abnormal returns. 
Additionally, the number of events and the t-statistics are presented. The standard deviation of the error term 
is calculated using panel-correct standard errors allowing for heteroscedasticity and contemporaneous 
correlation. The equation used to estimate the beta coefficient is as follows: 

𝜀�̂�𝑡 = 𝛽0 + 𝛽𝑊𝑊𝑖𝑡 + 𝛽𝐿𝐿𝑖𝑡 + 𝑢𝑖𝑡. 

 𝑊𝑖𝑡stands for a dummy variable equal to one on event day wins of country i at time t and zero otherwise. 𝐿𝑖𝑡 is 

equally defined only for losses. The events of each subgroup with the highest and lowest 10 percent of 
normalized abnormal returns are eliminated from the sample. Bold lettered numbers symbolize a statistical 
significance on a 5 percent level. 

 

This analysis is conducted to test whether our previous results are robust or driven by 

outliers. Therefore, Table VI will be mainly compared to Panel B of Table V and significant 

changes between these tables are pointed out.  

Considering the win column of the table one can note that the absolute size and 

significance of the win coefficients is further increased by the trimming. This tendency is 

consistent with the expectation of increasing the significance by trimming the results of 
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extreme outliers. Nevertheless, the win coefficient for the overall sample of 948 games is 

practically zero indicating that abnormal returns are not induced through a win of the 

national football team. This conclusion also holds for the individual subgroups that are 

presented. However, one should note the tendency of increasingly positive coefficients 

estimated for games with higher importance. The win coefficient estimated for elimination 

game wins is positive with a size of 1.44 basis points. This is contrasted by a negative 

coefficient estimated for group game wins and an even smaller negative coefficient for 

qualifying games. Looking at the cause of these game type coefficients, no clear tendency 

can be seen. While World Cup games are responsible for the positive elimination game 

win coefficient, they also cause the negative coefficient estimated for group game wins. 

Continental Cup games and their respective normalized abnormal returns are then the 

cause for the negative qualifying games’ win coefficient. In each case the other 

tournament types’ returns indicate the opposite sign leading us to the conclusion that no 

clear win effect can be determined. 

On the loss side of the table, the analysis results in a negative loss coefficient over a total 

of 668 games. This coefficient is furthermore significant at a 1 percent significance level. 

This is in line with the results of Table V where the loss coefficient estimated for all losses 

is also significant. However, an overall tendency of lower significance levels as well as 

estimated coefficients that are smaller in absolute terms can be detected. Considering that 

the respective loss coefficient estimated for normalized abnormal returns and all losses in 

Table V Panel B is highly significant, this might be the result of highly negative normalized 

abnormal returns being eliminated from the sample by the trimming. The same conclusion 

can be made from the results for elimination game losses as well as qualifying game 

losses. Table VI confirms the result of a significant negative coefficient estimated for 

group game losses. Not only is the size of the coefficient at -13.1 basis points almost 

equal to the size estimated in Table V but the significance of the sample only slightly 

decreases. This indicates that abnormal negative returns after group game losses are not 

only due to some extreme events but persistent throughout the data. However, the 

respective coefficient estimates for group game losses during World Cup or Continental 

Cup tournaments are insignificant. Therefore, we can conclude that the overall effect of 

group game losses is significantly negative yet not extreme enough to be significant when 

only one kind of tournament is analyzed. Abnormal returns after qualifying game losses do 

not seem to be persistently negative. Therefore, the estimated coefficient is not even 

significant at a ten percent level. This is opposed to the findings of Table V, thus 

relativizing the results presented there.  
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8.4 Top Seven Football Nations 

The sample in Table VI is divided into two subsamples, “Top Seven Football Nations” and 

“Other Football Nations” to differentiate between countries where football enjoys a high 

popularity due to a long and successful history and those which are comparably less 

successful. Among the “Top Seven Football Nations” are Argentina, Brazil, England, 

France, Germany, Italy and Spain whereas the remainder of the nations is allocated to the 

“Other Football Nations” sample. Panel A illustrates the results for the “Top Seven 

Football Nations”, while Panel B shows the coefficients for the “Other Football Nations”. 

 

 

Table VII Top Seven Football Nation 

The analysis is based on wins and losses of 24 football nations. The sample is divided into two subsamples. 
Panel A shows the results for the “Top Seven Football” nations, while Panel B illustrates the results for the 
remaining 17 countries. The table summarizes results for football matches played between 1973 and 2018 for 
the World Cup, European Championship, Copa America, Asian cup and Gold Cup as well as the qualifying 
stages for the World Cup, Asian Cup and European Championship. The coefficients displayed are the ordinary 
least squared estimates of 𝛽𝑊 and 𝛽𝐿 from the following regression: 

𝜖𝑖𝑡 =  𝛽0 + 𝛽𝑊 ∗ 𝑊𝑖𝑡 + 𝛽𝐿 ∗ 𝐿𝑖𝑡 + 𝜇𝑖𝑡 

where uit is an error term that is allowed to be heteroskedastic and contemporaneously correlated through 
countries. W it is a dummy variable which is one if country i wins a football match and zero otherwise on the 
first trading day following the match. Lit is a dummy variable for losses which follows the same pattern. The t-
statistics are determined by allowing for the variance of the error term μit to vary across countries and for 

contemporaneous cross-country correlation. Bold lettered numbers symbolize a statistical significance on a 5 
percent level. 
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Panel A and Panel B both report ambiguous coefficients for the win sample. Panel A 

shows a positive but insignificant win effect of 5.06 basis points for elimination games, 

while the coefficient is even negative and insignificant for Panel B. Generally, Panel B 

provides solely negative results except for Continental Cup games. However, the result is 

really small and insignificant. Panel A has a negative and insignificant coeff icient for all 

games as well, driven by negative point estimates for Continental Cup games as well as 

group and qualifying games. Thus the win sample isn’t interpretable in terms of sign and 

size.  

When comparing both loss samples, all coefficients are bigger in absolute terms for the 

“Top Seven Football Nations”, except for the Continental Cup games coefficient. Hereby, 

especially the point estimate for World Cup Games in the “Top Seven Football Nations” is 

more than double the magnitude than for the “Other Football Nations”. Nevertheless, both 

coefficients are significant on a 1 percent level. The continental cup point estimates are 

insignificant for both subsamples. Moreover, elimination games again do not possess a 

significant coefficient in both samples, while the coefficients are stronger and significant 

for qualifying and group games in both Panels. These results are in line with Table V 

Panel B which analyzes normalized abnormal returns as well. When considering the 

results for the point estimates for all games, both Panels A and B provide statistically 

significant coefficients. Thereby, the loss-effect is stronger for the “Top Seven Football 

Nations” with -20.20 basis points compared to the “Other Football Nations” at -12.97 basis 

points. A potential reason could be that the “Top Seven Football Nations” have been 

chosen according to their relative strength, their historical performance and popularity of 

football in their country. Popularity of a sport is accompanied by the feature that more 

individuals are affected by the match outcomes and thus the probability rises that many 

investors are influenced. Therefore, it has been assumed, that changes in investor’s mood 

are stronger for the sample due to the higher popularity of football in the respective 

countries.  

However, due to the significance of the point estimates in both samples, one can argue 

that the results in Table V are not solely driven by the “Top Seven Football Nations”. 

Therefore, football matches seem to have an impact in both panels which enhances the 

relevance of the analysis over the entire sample of countries.   



69 
 

8.5 Predicted Outcomes 

This part of the analysis examines the potential effect of unexpected wins and losses on 

stock market returns. The win probabilities are calculated using the ELO-rating of each 

team. This is in line with Edmans et al. (2007), who show that the probabilities implied by 

ELO-ratings and the following formula have a correlation above 90 percent with betting 

odds obtained for respective games. Therefore, the ELO-ratings are a good proxy for the 

realistic win-expectations of national teams. To calculate the ex-ante win probability, we 

use the respective team’s ELO-ratings in the following formula: 

 

𝑃(𝑊𝑖𝑛) =  
1

10−(𝑇𝐴−𝑇𝑂)/400+1
   (8) 

 

In this context, 𝑇𝐴 stands for the analyzed country’s team. Thus, 𝑇𝐴 for example, is the 

ELO-score of England at the respective time. The opposing country’s ELO-score at the 

time of the game is included through the variable 𝑇𝑂. We account for the home-team 

advantage by adding 100 points to the ELO-score of the home-team. An unexpected win 

was defined for games which were won with an ex-ante win probability below 40 percent 

and an unexpected loss for matches that had an ex-ante win probability above 60 percent. 

These particular thresholds were defined, since on one hand the differences in win-

probabilities are reasonably high to be considered surprising. On the other hand, the 

boundaries are not too high in such a way that too many games are excluded from the 

analysis. We would expect our results to be more extreme when increasing the thresholds 

yet without a sufficient number of games in our sample this hypothesis could not be 

tested. 
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Table VIII Unexpected Outcomes and Abnormal Returns  

The win sample only contains matches with an ex-ante win probability below 40 percent. Following the same 
procedure, the loss sample only comprises matches having an ex-ante win probability of 60 percent. The table 
reports the ordinary least squares (OLS) estimates of βW and βL from the following regression model: 

𝜖𝑖𝑡 =  𝛽0 + 𝛽𝑊 ∗ 𝑊𝑖𝑡 + 𝛽𝐿 ∗ 𝐿𝑖𝑡 + 𝜇𝑖𝑡 

where uit is an error term that is allowed to be heteroskedastic and contemporaneously correlated through 
countries. W it is a dummy variable which is one if country i wins a football match and zero otherwise on the 
first trading day following the match. Lit is a dummy variable for losses which follows the same pattern. The t-
statistics are determined by allowing for the variance of the error term μitto be different across countries and 

for contemporaneous cross-country correlation. Bold lettered numbers symbolize a statistical significance on a 
5 percent level. 

 

All in all 271 games fulfill the necessary probability scores to be included in this analysis, 

comprising 83 wins and 188 losses. The sample is biased towards unexpected losses due 

to the high relative strength of the national teams comprised in the sample.  

The results in Table VIII will be compared to Panel B of Table V to verify whether 

surprising game outcomes had an additional effect on stock market returns.  

The win sample provides negative beta coefficients for group and qualifying games, which 

is also the case for the respective point estimates in Table V. Surprisingly, the elimination 

stage beta coefficient has a value of 58.46 basis points and is significant at a 5 percent 

level, which is tremendously higher compared to the 1.43 basis points in Table V. 

Therefore, also the coefficient for all games increased from -1.06 to 12.03 basis points. 

However, although the point estimate for all games is comparably high, it remains 

insignificant due to the volatility in the observations of the win sample. One might argue 

here, that due to the rather small sample size, primarily outliers had driven the results. In 

favor of this argument is that in general point estimates are high in absolute terms but 

frequently change sings. An appropriate example is the coefficient for group games, which 

seems unreasonably low and insignificant at -10.42 basis points compared to the 
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previously presented result for elimination games. Nonetheless, the positive and 

significant win coefficients for elimination games as well as more specifically World Cup 

and Continental Cup elimination games provides a clear indication of a win-effect if the 

win is unexpected and the importance of the game is high. 

The loss sample comprises more than twice the matches of the win sample, which is why 

outliers are less expected to drive the results for the coefficients. The effect of unexpected 

losses is small and insignificant for qualifying games, while the effect has been proven to 

be negative and significant in Table V. In contrast, the group and elimination game point 

estimates are substantially lower. While the group stage coefficient is insignificant 

although being high in absolute terms at -19.43 basis points, the elimination stage loss 

effect for World Cup games is a staggering -73.16 basis points, yet statistically 

insignificant at a 5 percent level. However, the sample of unexpected losses in the 

elimination sample of World Cups is really small with just 8 observations, which makes the 

coefficient really outlier prone. Especially, in the elimination stage where match outcomes 

matter the most, the favorites seem to most often win their games. Due to the higher 

number of observations for unexpected losses in the elimination stage of Continental 

Cups and a coefficient which is not confirming the loss effect of the World Cup games, the 

overall elimination stage coefficient is even positive and insignificant.  

As a consequence, the loss effect for all games is insignificant as well. A potential 

explanation is provided by Edmans et al. (2007) who state that unexpected losses to so-

called “underdogs” might be less painful than losing to an opponent which is one of your 

closest rivals. Hereby, a loss of France to England, Brazil to Argentina or Germany to the 

Netherlands might affect investors’ mood in a more negative way than losses to teams 

which on paper have a comparably low chance of winning the game. 

Thus, unexpected losses do not seem to play an important role in the effect of football 

match outcomes on stock market returns. One might argue that losses are always 

somehow unexpected due to the overconfidence of football fans when estimating the 

chances of winning a match. Thus, ex-ante expectation should affect the stock markets to 

a very low extent. Edmans et al. (2007) provide an example where 86 percent of English 

football fans surveyed that England would beat Brazil in the Quarterfinal of the World Cup 

in 2002, even though bookmakers assigned just a 42 percent probability to the English 

team. The survey illustrates that fans and thus potential investors would always upward 

bias the win-probability of their respective team and thus predicted outcomes do not affect 

the loss-effect in a substantial way. The results indicate that losses against rivals mattered 

potentially more than a surprising loss against an underdog.   
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8.6 Host Countries 

The following table analyzes the impact of wins and losses on the returns of countries 

hosting the respective tournaments. Since the attention of people living in a country 

hosting one of the major football tournaments is a lot higher one would expect that the 

reaction to wins and losses is also magnified. The analysis, however, is limited on the loss 

side by the fact that losses in football tournaments often result in the elimination of the 

team from the tournament thereby greatly reducing the number of games that can be 

included in this analysis. 

 

 

Table IX Abnormal Returns for Host Countries 

Table IX presents the estimated beta coefficients of the following equation using normalized abnormal returns 
of countries hosting a World Cup, European Championship, Gold Cup, Copa America or Asian Cup. 
Additionally, the number of events and the t-statistics are presented. The standard deviation of the error term 
is calculated using panel-correct standard errors allowing for heteroscedasticity and contemporaneous 
correlation. The equation used to estimate the beta coefficient is as follows: 

𝜀�̂�𝑡 = 𝛽0 + 𝛽𝑊𝑊𝑖𝑡 + 𝛽𝐿𝐿𝑖𝑡 + 𝑢𝑖𝑡. 

where 𝑊𝑖𝑡 stands for a dummy variable equal to one on event day wins of country i at time t and zero 
otherwise. 𝐿𝑖𝑡 is equally defined only for losses. Bold lettered numbers symbolize a statistical significance on a 
5 percent level. 

 

The estimated coefficient for the effect of winning a game in a tournament is based on a 

sample of 86 games. This coefficient as well as the coefficients estimated for all 

subgroups is negative but insignificantly different from zero. A negative win coefficient is 

not unique to this table and has previously been discussed. However, the increase in 

absolute size of the negative coefficients estimated justifies taking another look at 

possible reasons for these negative returns. A possible explanation for the tendency to 

have negative abnormal returns on trading days after victories in countries hosting the 

tournament might be a simple decrease in the absolute trading volume. For example, 

during the 2014 World Cup in Brazil many companies gave their employees off on days 
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Brazils’ national team was playing (Alves, 2014). This reduced productivity might lead to 

investment decisions being postponed until after the World Cup leaving only investors 

desperately wanting to sell in the market. However, testing this hypothesis is outside the 

scope of this paper and could therefore be part of future research. 

Considering the loss sample one can see that the absolute size of most of the estimated 

loss coefficients is larger than previously estimated coefficients for these subgroups. 

Especially the point estimates for all games, the elimination stage and more specifically 

the World Cup elimination stage are of interest as they clearly underline the increased 

impact of football games lost by the national team of the hosting country on the mood of 

investors and finally on the abnormal returns of the stock markets. The loss coefficient 

estimated over a sample of all lost games is three times lower than the previously 

evaluated loss coefficient stated in Table V. Furthermore, it is significant at a ten percent 

level. Equally impressive is the coefficient estimated for losses in elimination games. It is 

not only five times larger in absolute terms than the coefficient estimated for all 218 

elimination game losses in our sample but also highly significant. The coefficient 

estimated for the sample of elimination game losses of hosting countries’ national team in 

World Cup matches is -128.27 basis points and significant at a five percent level. While 

this astonishing result is somehow relativized by the fact that the sample only comprises 5 

games its size is still impressive and in line with our expectations. It is not surprising that 

hosting countries having a team participating in the knock-out stage of a tournament are 

highly impacted by their teams’ results. Losing at this stage of the tournament and as a 

direct result being eliminated from the tournament is negatively affecting mood no matter 

what the prior expectation or the development of the game was. Nevertheless, the 

absolute size of this coefficient indicates the large impact investors’ mood can have on 

trading behavior and abnormal returns. In contrast to World Cup elimination games, 

Continental Cups do not develop the same impact on stock market returns. A possible 

explanation for this result is the lower importance of Continental Cups in many of the 

sample countries. The Asian Cup for example is mostly dominated by the same teams, 

therefore, perhaps not causing the same excitement as a World Cup. While the European 

Championship does seem equally important to the authors of this paper, the tournament is 

by no means comparable to the World Cup considering the money and efforts invested by 

hosting countries. For example, the estimated cost of hosting the 2006 World Cup in 

Germany was €3.7 billion (Germany’s World Cup Report Hails Economic, Social Success, 

2006) whereas the estimated cost of the 2016 European Championship in France was 

€2.12 billion (Francis, 2016). Furthermore, this difference in costs is not even adjusted for 
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inflation rates. Therefore, a substantial difference in media coverage and investor 

involvement can be assumed. 

The estimated coefficients for losses at the group stage are in line with the result of Table 

V when comparing the size and direction of the coefficients. Thus, the fact that the 

estimations are not significant is mainly attributed to the small sample size and the fact 

that most hosting countries advance to the knock-out stage, therefore only suffering 

inconsequential losses in the group phase of these tournaments. 
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8.7 Regional Market Indices 

Valid criticism of the analysis up to this point is the lack of verification of the data that is 

used. The previous results have always relied upon the appropriateness of the 

Datastream World Index as a representative market. However, one could argue for 

example that South American countries such as Brazil, Argentina or Colombia are not well 

enough represented in this world index causing our study to lose its validity. To address 

this criticism and in particular the criticism of Gerlach (2011) the following subchapter will 

discuss results generated using regional indices in the time-series regressions. More 

specifically, for the South and Central American countries in our study the MSCI Emerging 

Markets Latin American index is used. The European countries rely on the MSCI Europe 

index as the market index in the regression model and the MSCI Pacific index is used for 

time-series regression of South Korea and Japan. To test the appropriateness of these 

market indices the correlation of each country’s returns with each index’s returns is 

calculated confirming the assumption that these region-specific indices are more 

appropriate in explaining each country’s returns. The table depicting each country’s 

correlation with the different regional indices can be found in the appendix. If the win- and 

loss-effects that have previously been detected are no longer significant in this analysis, 

we will have partly invalidated results by Edmans et al. (2007) and shown that these noise 

effects are simply due to the utilization of inappropriate reference indices. 

 

The Table is structured in two parts. Panel A presents the results of the cross-sectional 

analysis using raw abnormal returns. The raw abnormal returns are the result of equation 

(1) mentioned in the chapter “Methodology”. Panel B depicts our results when normalized 

abnormal returns are used as input to the cross-sectional regression. These returns are 

derived in the same way as in previous chapters. Both panels depict different event 

subgroups. For each subgroup the number of wins and losses included in the data is 

listed combined with the estimated win- and loss-coefficient as well as its respective t-

statistic. 

Since this analysis is mainly conducted to verify the previous results, we only briefly 

discuss trends that are in line with our previous research and put more emphasis on 

pointing out important differences.  
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Table X Regional Market Indices: 

The analysis is based on wins and losses of 24 football nations. The table displays the ordinary least squared 
estimates of 𝛽𝑊 and 𝛽𝐿 from the following two stage regression model. In the first stage the raw abnormal 

returns are estimated via the following regression model: 

𝑅𝑖𝑡 =  𝛾0𝑖 + 𝛾1𝑖𝑅𝑖𝑡−1 + 𝛾2𝑖𝑅𝑚𝑡−1 + 𝛾3𝑖𝑅𝑚𝑡 + 𝛾4𝑖𝑅𝑚𝑡+1 + 𝛾5𝑖𝐷𝑡 + 𝛾6𝑖𝑄𝑡 + 𝜖𝑖𝑡 

where Rit denotes the continuously compounded local index return on date t in country i, Rmt is the 
continuously compounded daily return of the respective index. The MSCI Emerging Markets Latin America 
index is used for Argentina, Brazil, Chile, Colombia and Mexico. The MSCI Europe index is used for Belgium, 
Croatia, Czech Republic, Denmark, England, France, Germany, Hungary, Ireland, Italy, Netherlands, Poland, 
Portugal, Rumania, Russia, Spain, Sweden. Additionally, the MSCI Pacific is used for Japan and South Korea. 
Dt = {D1t, D2t, D3t, D4t} are dummy variables for Monday through Thursday, and Qt = {Q1t, Q2t, Q3t, Q4t, Q5t} are 
dummy variables for the five days following non-weekend holidays. In the second stage the following 
regression model is applied: 

𝜖𝑖𝑡 =  𝛽0 + 𝛽𝑊 ∗ 𝑊𝑖𝑡 + 𝛽𝐿 ∗ 𝐿𝑖𝑡 + 𝜇𝑖𝑡 

where uit is an error term that is allowed to be heteroskedastic and contemporaneously correlated through 
countries. W it is a dummy variable which is one if country i wins a football match and zero otherwise on the 
first trading day following a match. L it is a dummy variable for losses which follows the same pattern. The 
normalized coefficients illustrated in Panel B are derived from the second stage residuals of a panel-
regression, where the residuals are GARCH corrected and normalized to have a mean of zero and a variance 
of one. Bold lettered numbers symbolize a statistical significance on a 5 percent level. 

 

Considering the win sample of Panel A one can see that this part of the analysis does not 

provide evidence of any significant win-effect. This is in line with our previous findings. 

However, the win-coefficients estimated for elimination games and World Cup elimination 

games continue to be positive. Compared to Table V the win coefficient estimated over all 
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games decreases in absolute size and further approaches zero. This can be interpreted 

as a trend that with increasing precision in estimating expected country returns the win 

effect will disappear. Smaller coefficients are also noted for almost all other estimated 

coefficients in the win column. 

The right side of Panel A presents the results related to the estimated loss coefficient. The 

results marked with bold letters show that the overall trend is persistent. Therefore, our 

previous analyses are further supported. We measure a significant loss effect for all 

games as well as elimination games and more specifically World Cup elimination games. 

Furthermore, the estimated loss coefficients for losses in World Cup elimination games 

and losses in general are significant at a one percent level. Comparing the absolute size 

of the estimated coefficients to the results of Table V we note that the differences are 

negligible, especially considering the size differences of the win column. 

Panel B depicts the results using normalized abnormal returns in the estimation. The 

coefficients of Panel B compare well to the respective results presented in Table V. In 

contrast to our hypothesis, the estimated win coefficients continue to be negative, 

however, they remain insignificantly different from zero. The estimated loss coefficients 

remain unchanged. This underlines the persistence of the loss effect. Not only do the 

coefficients stay constant in size and direction but the significance levels are also not 

materially impacted.  

 

All in all, the analysis was conducted to address the criticism of using a world index as a 

reference index for all countries (Gerlach, 2011). Adjusting our analysis to regional indices 

for South America, Europe and Asia does not significantly change our results. This further 

supports our previous findings of a significant loss effect that is persistent and stronger for 

important games. This is in line with the findings of Edmans et al. (2007) as well as our 

developed theories. 
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8.8 Rolling Betas 

In Table XI we use a rolling beta approach as a robustness check for our previous results. 

In contrast to the previous analysis, Table XI uses time varying betas for the regression 

which are estimated via a 200 day estimation window to determine the raw abnormal 

returns. According to the theory, the estimation window should provide better suited 

regression coefficients, due to the fact that only the returns directly prior to the event date 

are taken into account to determine the regression coefficients. Therefore, potential 

fluctuations due to for example seasonality are better reflected by the coefficients. The 

rolling beta approach excludes two games from the sample, since the respective games 

are too closely located to the beginning of the time series to have a sufficient estimation 

period. Besides this correction the sample remains unchanged. However, the coefficients 

are reported in contrast to the previous Tables as raw abnormal returns. Therefore, the 

results cannot be directly compared in terms of size to previous results except for the 

results presented in Table V Panel A.  

 

 

Table XI Rolling Betas and multi-factor model 

The analysis is based on wins and losses of 24 football nations. The table comprises 1190 wins and 837 
losses for a total of 2027 games. The table shows raw abnormal returns estimated via the ordinary least 
squared method with the following regression model:  

𝑅𝑖𝑡 =  𝜃0𝑖 + 𝜃1𝑖𝑅𝑖𝑡−1 + 𝜃2𝑖𝑅𝑚𝑡−1 + 𝜃3𝑖𝑅𝑚𝑡 + 𝜃4𝑖𝑅𝑚𝑡+1 + 𝜃5𝑖𝐷𝑡 + 𝜃6𝑖𝑄𝑡 + 𝜖𝑖𝑡 

where Rit denotes the continuously compounded local index return on date t in country i, Rmt is the 
continuously compounded daily U.S. dollar return on Datastream’s worldmarket index on day t, Dt = {D1t, D2t, 
D3t, D4t} are dummy variables for Monday through Thursday, and Qt = {Q1t, Q2t, Q3t, Q4t, Q5t} are dummy 
variables for the five days following non-weekend holidays. The estimated return Rit − ϵit  is based on a rolling 
beta prediction, which uses an estimation window of 200 days. Bold lettered numbers symbolize a statistical 
significance on a 5 percent level. 
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The win sample provides similar results compared to previously presented tables which 

remain ambiguous due to several sign changes across tournaments and stages. For all 

games and elimination games the coefficients are positive but insignificant. In contrast, 

abnormal returns for wins in group- and qualifying games are negative, but insignificant. 

Specifically, the win coefficient estimated for World Cup games changes signs when 

analyzing different stages. Furthermore, the results are all insignificant. This is underlined 

when considering that the coefficient estimated for elimination games is positive, while the 

point estimate for group and qualifying games is negative. Therefore, results for the win 

sample remain ambiguous and cannot be interpreted in terms of their sign. 

The loss-effect over all games is as in Table V Panel A statistically significant with 

negative abnormal returns of -11.92 basis points on the first trading day following a match. 

As already shown in Table V Panel A, the coefficient is higher for elimination games than 

for group and qualifying games which supports the hypothesis that the loss effect 

increases with the importance of the game. Hereby losses in an elimination game are 

associated with a negative abnormal return of -16.5 basis points. However, the group 

games’ and qualifying games’ abnormal return remain negative but insignificant for the 

rolling beta approach. Therefore the rolling beta approach provides similar results when 

compared to the static beta model and therefore serves as an appropriate robustness 

check of the previously performed econometric analysis. Nonetheless, some might argue 

that the rolling beta approach provides less significant results when comparing it to the 

static beta approach. Abnormal returns could be less extensive due to the superior 

estimation approach of the regression model. The rolling beta approach with its frequently 

estimated regression coefficients results, has smaller error terms and therefore lower 

abnormal returns. 

 

In the next section we will simplify the econometric approach using the market model. 

Hereby, the national stock market indices are solely regressed on one market factor. 

Thus, in contrast to the analysis before, the regression model uses just one explanatory 

variable and therefore does not account for the day of the week and the holiday effect, as 

well as any lagged version of the market proxy.  
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8.8.1 Market Model 

In their book “The Econometrics of Financial Markets” Campbell et al. (1997) suggest to 

use the simple market model to estimate the coefficients of their regression model. The 

authors state, that the advantages from applying a multi-factor model for event studies are 

limited, due to the low explanatory power of variables other than the market factor. 

Thereby, for the table below the national indices were simply regressed on the DS-World 

Market Index. 

 

 

Table XII Rolling Betas and Market Model 

The table shows raw abnormal returns estimated via the ordinary least squared method with a “market-model” 
regression: 

𝑅𝑖,𝑡 =  𝛼 + 𝛽𝑖𝑅𝑚𝑡 + 𝜀�̃�,𝑡 

where Rit denotes the continuously compounded local index return on date t in country i, Rmt is the 
continuously compounded daily U.S. dollar return on Datastream’s worldmarket index on day t. The estimated 
return Rit is based on a rolling beta prediction, which uses an estimation window of 200 days. Bold lettered 
numbers symbolize a statistical significance on a 5 percent level. 

 

In the win sample for elimination-, group- and qualifying games the average abnormal 

returns drop by approximately 2 basis points. Hence, the estimated market model seems 

to downward bias the abnormal returns to some extent. The abnormal average abnormal 

return for all games switches the sign from positive to negative, however, stays small and 

insignificant. Generally, the estimated abnormal returns in the win sample remain 

ambiguous and change by a rather small margin.  

When considering the loss sample, the average abnormal returns are downward biased 

as well. Especially elimination games seem to have a stronger effect in the market model 

approach. The average abnormal returns after elimination matches decline from -16.5 
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basis points in the multivariate model to a coefficient of -21.07 basis points, which is 

almost significant at a 1 percent level. Changes, however, by a smaller margin, are 

observable for group games, as well. As a consequence, the point estimate for all games 

declines. Yet, one might argue that the average abnormal return changes are within a 

reasonable margin. Moreover, the average abnormal returns were already at a 5 percent 

significance level before. 

One might expect that the estimated abnormal returns are less precise due to missing 

factors in the estimation equation. Yet, when comparing the R2 value of the multi-factor 

model (0.34) vs. the market model (0.24), the additional variables in the multi-factor model 

seem to have explanatory power to an extent which makes it justifiable to use them. 

Therefore, in the particular case of an event study which examines the effect of football 

matches on stock market returns, the utilization of a multivariate model as performed by 

Edmans et al. (2007) is appropriate. Nevertheless, the market model provides somehow 

similar results. Therefore, it can be used as a reasonable simplification of the regression, 

when data availability limited the analysis.   
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8.9 Small Cap Stocks 

This paper is analyzing the impact of national football game outcomes on the mood and 

therefore the risk perception of national investors. Assuming that national investors are 

impacted by football game results of their national team, they have to make up a vast 

majority of investors in the respective national stock market to significantly affect market 

prices. In line with Edmans et al. (2007) we assume that small cap stocks are more likely 

to be traded by local investors. This is due to a lack of international analyst coverage and 

a resulting information bias (Gehrig, 1993; Merton, 1987). Therefore, we assume that 

conducting our analysis with small cap stocks should result in a stronger and more 

persistent win- and loss-effect. The small cap indices used in this analysis have different 

starting dates ranging from 1986 to 2010. Return data from all indices is collected until 

December 2018. Overall 118,800 trading days are included in the analysis with an 

average daily return of 3.04 basis points and a return standard deviation of 139.17 basis 

points. 
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Table XIII Abnormal Returns of Small Cap Stocks 

The table presents the estimated win- and loss-coefficients from the following equation as well as the number 
of relevant events and t-statistics: 

𝜀�̂�𝑡 = 𝛽0 + 𝛽𝑊𝑊𝑖𝑡 + 𝛽𝐿𝐿𝑖𝑡 + 𝑢𝑖𝑡 

where 𝑊𝑖𝑡stands for a dummy variable equal to one on event day wins of country i at time t and zero 
otherwise. 𝐿𝑖𝑡 is equally defined only for losses. The model is estimated using panel-corrected standard errors 
(PCSE). This allows for heteroskedasticity and contemporaneous correlation across countries while error 
terms continue to have a mean of zero and no autocorrelation. In Panel A the raw abnormal returns as defined 
in the methodology chapter are used as input to the aforementioned equation. In Panel B normalized 
abnormal returns are used in the cross-sectional analysis. Both abnormal returns are residuals from equation 
(1) using small cap index returns. The small cap indices are gathered from Datastream and are either 
provided by HSBC or MSCI. Bold lettered numbers symbolize a statistical significance on a 5 percent level. 

 

Table XIII is kept in the same style as the tables in the beginning of this chapter. Both raw 

abnormal returns and normalized abnormal returns are analyzed. The normalized 

abnormal returns are corrected for volatility using a GARCH(1,1) process as mentioned in 

chapter 6.1. In Panel A one can see that the coefficient estimates for victories over 

different sample groups are mostly positive, yet insignificant. While the overall win 

coefficient is slightly smaller than the one estimated in Table V, the win coefficient 

estimated for the sample of Continental Cup elimination game victories is about four times 

larger than the respective coefficient estimated in Table V. This is in line with our 

expectation that small cap stocks display the mood effects better than large cap stocks 
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due to the higher local ownership. In contrast to this stands the coefficient estimate for the 

sample of victories in World Cup elimination games. At -17.67 basis points the win effect 

is negative and relatively strong. This opposes our general assumptions on the impact of 

investors’ mood on relative risk perceptions. The remainder of the estimated win-

coefficients in Panel A are not significantly different from the coefficients previously 

estimated and therefore do not offer additional insights. 

The right column of the table illustrates that the loss coefficient estimated for the sample 

of 544 losses is almost zero and insignificant. This is opposed to the significantly negative 

coefficient depicted in Table V. The coefficients for elimination game losses are also 

slightly smaller or of the same size as the previously estimated ones, yet less significant. 

Only losses in World Cup elimination games result in significant negative abnormal 

returns. 

Panel B depicts the estimated coefficients using normalized abnormal returns. While the 

coefficients estimated for victories are in line with the coefficients presented in Table V, 

the results for losses are more difficult to analyze. First of all, all estimated loss 

coefficients in Panel B are significantly larger than their respective counterparts in Table 

V. Secondly, they are not significantly different from zero. The coefficients estimated with 

normalized abnormal returns do not compare well to the raw abnormal return coefficients 

in Panel A, either. Using the standard deviation of the complete sample (i.e. 1.3917) and 

multiplying it with the coefficients of Panel B one can analyze the differences. In the win 

column the coefficients in Panel B are negative indicating negative abnormal returns. This 

is in contrast to Panel A’s predictions of positive raw abnormal returns. Therefore, the 

positive returns driving the results in Panel A must occur during periods of high market 

volatility. The same tendency is visible when applying this process to the loss column of 

Panel B. All corresponding returns in Panel A are larger in absolute terms than the 

abnormal returns calculated through the coefficients in Panel B. This indicates that the 

coefficient values of Panel A are most likely overstated, making us doubt the existence of 

a loss-effect in this data sample. 

Therefore, the analysis clearly indicates that win- and loss-effects are not just less visible 

in small cap stock markets but non-existent. This is a stark contrast to the results of 

Edmans et al. (2007) who find that small cap stocks show a significantly stronger loss 

effect than large cap stocks. However, we would like to point out that our study includes 

small cap indices provided by HSBC and MSCI instead of only using HSBC Indices 

(Edmans et al., 2007) therefore making our results more reliable. 



85 
 

A possible reason for our results might be the lack of liquidity in small cap stocks reducing 

the impact of mood effects. This argument works as follows: Investors trade small cap 

stocks less than other stocks. For investor mood to have an impact on asset prices, 

market liquidity must be high enough for prices to move on a daily basis. If small cap 

stocks are not traded often enough the price will not adjust in a high enough frequency to 

actually depict the mood effect. While this argument might not be significant in modern 

stock markets anymore one should note that our data sample begins in 1986. 

Nonetheless, the difference in results in comparison to Edmans et al. (2007) cannot be 

readily explained and could function as the basis of future research. 
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8.10 Dual Traded Companies 

Studies conducted by Berggrun (2005) and Susmel & Koumkwa (2005) show that the 

prices of ADR’s and their underlying’s converge in the long run and often in the short run 

as well. Considering that the US does not follow football as much as other countries we 

assume that the ADR price resembles the fundamental value of the stock while the local 

stock price is influenced through mood events related to national team football results.  An 

article published in a risk magazine in 2018 furthermore supports this theory dealing with 

the effect of World Cup football games on the financial markets. Particularly, the author 

mentions an example of the stock STMicroelectronics which is listed on the Milan and 

Paris stock exchange, classifying the share as a dual-listing. The author states, that after 

the loss of France to South Africa the stock price was affected by a strong decline on the 

Paris Stock exchange, while no movement occurred on the Milan Stock Exchange. The 

exact opposite happened, when Italy lost its match to Slovakia (Huijgens, 2018). This 

section aims to use companies traded on multiple stock exchanges to identify differences 

in price movements on the day after a match was played. To increase the list of 

companies that are included in the analysis, we not only use dual-listed companies but 

also companies whose ADR’s are traded in the US. Therefore, we identified companies 

which are traded on one of the national stock exchanges of our countries included in the 

sample and on the NYE Stock Exchange as an ADR or individual share. The exact 

regression model is further explained in section 6.1.1. 
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Table XIV Dual Traded Companies 

For the analysis, continuously compounded daily U.S. dollar return of 63 dual traded companies were used. 
The table comprises 701 wins and 442 losses for a total of 1143 games. The coefficients displayed are the 
ordinary least squared estimates of 𝛽𝑊 and 𝛽𝐿 from the following two stage regression model: 

Rit
C =  γ0 + γ1Rit−1

C + γ2RUt−1
C + γ3RUt

C + γ4RUt+1
C  + γ5WCt + εt

C   

Where the term Rit
C  denotes the continuously compounded log return of company C traded in country i at time 

t. This return is regressed on a lagged version of itself as well as the lagged, current and future continuously 

compounded return of the equity traded on the New York exchange RUt
C . To account for the World Cup effect 

found by Kaplanski & Levi (2010) a dummy variable WCt is added to the regression which is equal to one 

during the months of June and July in World Cup years and zero otherwise. εt
C denotes the residuals also 

called the abnormal return (AR). These abnormal returns of each company C at time t are combined as an 
equally weighted average. The second stage of the regression model estimates the respective beta 
coefficients for win and loss:  

𝜖𝑖𝑡= 𝛽0 + 𝛽𝑊 ∗ 𝑊𝑖𝑡 + 𝛽𝐿 ∗ 𝐿𝑖𝑡 + 𝜇𝑖𝑡 

where uit is an error term that is allowed to be heteroskedastic and contemporaneously correlated through 
countries. W it is a dummy variable which is one if country i wins a football match and zero otherwise on the 
first trading day following the match. Lit is a dummy variable for losses which follows the same pattern. The t-
statistics are determined by allowing for the variance of the error term μit to vary across countries and for 
contemporaneous cross-country correlation. Bold lettered numbers symbolize a statistical significance on a 5 
percent level. 

 
Table XIV summarizes the results for the comparison of stock returns between domestic 

stock returns and the returns of the respective ADR’s traded on the New York Stock 

Exchange. The ADR returns always function as the base value which we compare to. The 

total number of games in the sample is lower due to the fact that the gathered return data 
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is only available for a shorter time period. Nonetheless, the analysis comprises 701 wins 

and 442 losses, which adds up to a total of 1,143 games.  

Considering the results of the analysis depicted in Table XIV we note that most of the 

estimated coefficients are smaller in absolute size compared to previous analyses. In 

Panel A raw abnormal returns are used to determine the coefficients for the respective 

stages and tournaments. Through the entire win sample, coefficients are negative. 

Elimination games possess a negative coefficient with – 6.05 basis points which, however, 

is insignificant. The same holds for qualifying games. In contrast, the group games’ 

coefficient is -5.79 basis points and significant at a 10 percent level. The main driver for 

the results are group games played during World Cups. The opposite holds for the 

insignificant elimination games coefficient where the main driver is Continental Cup 

elimination games. Therefore, it is difficult to determine which tournament causes the win 

coefficient over all games to be statistically significant with -5.53 basis points. Generally, 

considering the result of the win sample, theory cannot provide a reasonable explanation 

for a negative win-effect. Mood theory suggests, that winning a football game is 

associated with positive feelings and, thus, should translate into higher stock prices due to 

lower risk aversion and adaptions in self-esteem. Therefore, the win sample provides 

significant, yet, opposing results to previously presented theory.  

In contrast, the coefficients in the loss sample partly confirm earlier findings. One should 

note that the point estimates for the elimination, group- and qualifying stage in Panel A are 

all negative. The coefficient for group games is small and insignificant. The elimination 

stage coefficient estimate of -7.77 basis points is significant at a 10 percent level. 

Especially, the qualifying stage seems to matter in this particular analysis with a point 

estimate of -10.51 basis points being significant on a 5 percent level. Thus, the beta 

coefficient over all games is negative as well at -6.44 basis points and almost reaches a 

significance level of 1 percent. This negative and significant loss-effect is in line with 

previous parts of the analysis. However, the strong effect of qualifying games compared to 

group- and elimination games has only been partly observed before.  

Panel B using normalized abnormal returns does not result in significant changes in 

coefficients. The point estimates for the win and loss sample are both negative and 

significant on a 5 percent level. The loss effect is slightly stronger than the negative win-

effect. As before, qualifying games remain significant and, consequently, are the main 

driver for the significant point estimate over all games. 

In summary, the results provided by the analysis of dual traded companies are 

ambiguous. One could argue that differences in the returns of domestic stocks and their 
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respective ADR’s are not sufficiently captured by our regression model, therefore, making 

it challenging to identify possible win- and loss-effects. This line of argumentation is 

further elaborated in the following discussion chapter. 
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9 Discussion 

The presentation of our results indicated clear trends in our data as well as challenges to 

our hypotheses. This chapter will critically discuss our results in connection with academic 

literature while summarizing the theoretical foundation of the thesis. 

 

This thesis set out to challenge the efficient market hypothesis and its underlying 

rationality assumption (Fama, 1965b). In chapter 3 the theoretical foundations of the 

efficient market hypothesis were discussed under consideration of important anomalies. 

While the weak form of market efficiency continues to be accepted and verified, 

economists’ opinions are still divided on the accuracy of the semi-strong form. 

Reoccurring anomalies such as the Weekend-Effect or the Holiday-Effect cast doubt on 

the short-run efficiency of the market. These effects can be explained through the 

irrational behavior of a majority of investors. Examples of irrational behavior driving the 

market are noise trading, herd behavior and overreaction. Therefore, it appears as if the 

assumptions made by the EMH need to be adapted to explain these anomalies. The 

persistence of some economic inefficiencies, for example, can be explained by the theory 

of limits to arbitrage. The theory of limits to arbitrage assumes that different systematic 

risks as well as the cost of implementing trading strategies exploiting market inefficiencies, 

decrease possible profits. Thus, the market is efficient in realizing that these costs 

eliminate profits (Pedersen, 2015). However, the limits to arbitrage theory only offers an 

explanation for the persistence of market irrationalities not their cause. Chapter 3 

furthermore introduces behavioral finance as an opposing framework to the EMH, which is 

able to explain certain anomalies and irrationalities occurring in the market.  

Whereas the EMH postulates that new information is immediately processed by rational 

investors, behavioral finance allows for irrationality in the process of forming beliefs and 

preferences. According to classical and neo-classical financial theory individuals include 

new information to update their beliefs about the future and then form a normatively 

acceptable opinion (preference) on the fair value of the respective company (Barberis & 

Thaler, 2002). However, psychologists as well as economists have often proven that 

people are subject to a vast variety of biases when forming beliefs. Some of them, such 

as overconfidence, optimism and wishful thinking, confirmation bias, anchoring or 

availability bias are named in chapter 3.4.2.1. 

Once beliefs are formed people build preferences on the basis of which decisions are 

made. Traditional financial theory is dominated by the expected utility theory developed in 

1947 to account for this decision-making process (Von Neumann & Morgenstern, 1947). 
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Behavioral finance theory, however, rejects this and replaces it with several competing 

frameworks most prominently Prospect Theory (Kahneman & Tversky, 1979). Prospect 

Theory is based on extensive research in finance as well as in psychology enabling it to 

explain investor behavior far better than any traditional theory. For example, the change 

from risk-avoiding to risk-seeking behavior (Framing) or the fact that people regret losses 

more than they enjoy wins (Mental Accounting).  

Nevertheless, traditional finance theory and behavioral finance have one thing in common. 

They cannot explain many persistent market anomalies, such as the previously mentioned 

weekend-effect or disposition effect. This inability is mainly due to the problem that neither 

of the frameworks seems to be able to systematically predict investors’ decisions 

correctly. While Prospect Theory includes many aspects of the decision-making process 

that the expected utility theory is lacking, it also applies the consequentialist perspective to 

decision-making. In this perspective people asses severity and likelihood of possible 

outcomes and then use some sort of calculus to make a decision (Loewenstein et al., 

2001). Therefore, the decision process is purely cognitive. However, investors’ emotions 

seem to significantly influence their economic decisions (Elster, 1998). In other words, 

individuals assess risk very differently depending on their emotional state. The risk-as-

feelings model attempts to combine two sets of literature on decision-making under risk. 

On the one hand, current emotions are recognized by the cognitive process but only take 

on an informing role helping to evaluate alternatives. On the other hand, emotions 

produce behavioral responses that differ from the optimal response (Loewenstein et al., 

2001). 

This paper, in line with other studies, tested whether emotions resulting from football 

games are strong enough to cause irrational behavior of a majority of investors in a 

market. 

When challenging the efficient market hypothesis and testing whether sport results affect 

stock market returns the key assumption is that a sufficient number of investors on the 

selected markets is influenced to some extent by the sport results. Or slightly rephrased, 

investors need to be emotionally exposed to the sport and therefore let their emotions 

driven by sport results affect their investment decisions.  

One can argue that football results might not be an adequate variable to affect a sufficient 

share of investors to actually have an impact on stock market returns. It is true that not all 

individuals are considered to be football fans. Either they might not be interested in sports 

in general or they consider other sports besides football to be of higher importance to 

them. Edmans et al. (2007) define three different criteria which a variable has to fulfill, to 
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possess the ability to affect stock market returns. First, mood must be affected in a 

significant and unambiguous way. Then, the factor itself has to impact a significant share 

of the population. Moreover, the effect has to be correlated across a large number of 

individuals in the country.  

Various research papers, and some even for the specific case of football, have confirmed 

the impact of sports results on the mood of individuals. Hirt et al. (1992) proved a 

significant relation between game outcomes and fans’ mood and self-esteem after a 

match. Wann et al. (1994) examined accordingly, that there is a strong positive reaction 

when fans experienced a win of their favorite team and consequently a negative reaction 

when the respective team lost. These results were confirmed by Knoll et al. (2013) who 

found a positive correlation between game outcomes during FIFA World Cup games and 

the viewers’ mood. Therefore, one can argue that according to the literature sport results 

are an appropriate variable which induces significant changes in individuals’ mood in an 

unambiguous way. Moreover, under practical considerations, specifically football matches 

reach millions of fans worldwide. FIFA has 209 national football associations around the 

world out of which 77 different national teams have at least once qualified for the World 

Cup. A total of 3 billion viewers watched the matches during the World Cup 2018 in 

Russia. Simply the pure size of the football industry justifies the assumption that football 

has an impact on a significant share of the population. Furthermore, the effect is highly 

correlated across individuals within a country, since we consider football matches on a 

national team level. Typically, individuals root for the national team belonging to their 

respective country. Therefore, all three conditions proposed by Edmans et al. (2007) 

seem to be confirmed.  

However, one might argue that the importance of football varies across countries 

worldwide. Nations exist where football is not prominent and thus does not possess the 

ability to affect investors’ mood. Potential explanations for the lack in importance could be 

that the respective national football team is rather unsuccessful or football is historically 

not the number one sport in the country. To account for this issue, we constructed the in 

Chapter 5.1 described sample of football results. We chose nations based on years they 

were belonging to the top 10 in terms of ELO- ratings and thus included nations in our 

sample which belong to the most successful ones worldwide over the analyzed period of 

time. Success most often goes hand in hand with popularity in a specific country in two 

ways. To be successful in a sport it requires a sufficient amount of individuals who 

practice the sport on a regular basis which induces popularity. Moreover, success makes 

a specific sport more attractive for individuals due to increased awareness in the society 
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through, for instance, higher media coverage. An appropriate example is the tennis boom 

in the 80s in Germany which was the consequence of the success stories of Boris Becker 

and Steffi Graf. The number of members in tennis clubs doubled within one decade. 

Hence, the construction of the sample assures the importance of football in the respective 

countries used for the analysis. In accordance with the relative high importance of football 

in the respective countries, the appropriateness of the chosen return data sample 

contributes to the validity of our findings presented in the analysis. Not only, is the 

financial data used in the analysis based on continuously compounded log-returns of total 

market indices of each country to ensure that a sufficient number of companies are 

included. But, the results are verified using different methodological approaches as well as 

regional market indices. Therefore, the results of our analysis are considered to be 

reliable. 

 

The results in Table V show the main findings of our analysis by indicating a positive, yet 

small and insignificant win effect, as well as a statistically significant loss effect over all 

games in the raw abnormal return and normalized abnormal return analysis. In both 

Panels the loss effect clearly exceeds -11 basis points.  

In contrast to our findings, Boyle & Walter (2003) didn’t find any significant effect of games 

played by the All Blacks on stock market returns in New Zealand. They argue against 

findings by Saunders (1993) and Kamstra et al. (2003) who prove that economically-

neutral, but emotionally and psychologically important events have an impact on stock 

market returns. In contrast to the analysis by Saunders (1993) and Kamstra et al. (2003) 

which comprised the more common effect of sunlight on returns, individuals react in a 

more personal manner to variables such as sport event outcomes. Individuals could 

easier identify sports as an effect which impacts their mood. Due to the greater self-

awareness of investors that sports can be a source for the change in their emotional state, 

they easier resist emotion driven trading. However, Ashton et al. (2003) examining the 

impact of the English national team’s game results on the FTSE 100 found a statistically 

significant win- and loss effect. After the criticism of their analysis by Klein et al. (2009), 

Ashton et al. (2011) made adaptions to their previously conducted analysis and could 

confirm a persistent loss-effect. Moreover, the analysis by Edmans et al. (2007) confirms 

our findings of an insignificant win- but significant loss-effect for a sample of national 

teams. Therefore, several research papers prove the existence of a statistically significant 

loss effect. Furthermore, our results find support by the previously presented theoretical 

framework of mental accounting. Hereby, it is assumed that wins and losses do not have 
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a linear relationship as assumed in expected utility theory. Therefore, in theory, individuals 

rate winning 50 dollars in a gamble higher than first winning 100 dollars and then loosing 

50 dollars. Thus, in the case of football games, individuals might rate the absolute effect of 

losing a game as more painful than the gains from winning. Under practical 

considerations, this theory finds support by the style in which football tournaments are 

designed. Losing a game during the elimination stage implies the direct exit of the team 

from the tournament, while a win only makes the team advance to the next stage. Hereby, 

fans experiencing an elimination from a tournament are more confronted with the result, 

since the winning fans might already shift their focus to the next game. On the one hand, 

both theoretical and practical explanations provide arguments why the loss effect should 

be stronger than the win-effect. On the other hand, they support our findings of a 

statistically significant loss effect, but an insignificant win-effect.  

 

One might argue, that the results of the most successful nations which we define as the 

“Top Seven Football Nations” drove the coefficients of the entire sample. Thus, match 

outcomes in nations where football is assumed to be comparably less popular didn’t affect 

stock market returns through changes in the emotional state of investors. Hence, the 

analysis as presented in Table VII was conducted to account for this potential issue. It is 

true, that the loss effect for the “Top Seven Football Nations” is comparably higher than 

for the “Other Nations”. However, the loss-effect for all games is significant in both 

samples on a 1 percent level and therefore provides evidence of the existence of a 

persistent loss-effect in the sample. The findings are confirmed by the results of Edmans 

et al. (2007). From a practical perspective it is obvious, that the loss-effect is stronger 

when considering the most successful nations. The more successful and in consequence 

the more popular a team is, the higher the number of individuals which are emotionally 

involved. Therefore, the probability is higher that investors are affected by the results. 

The results presented in tables V and VII are not only statistically significant but also 

economically. Considering the 2018 market capitalization of $1,989,083 million in the 

German market a loss of the national team will result in negative abnormal returns of -

11.95 basis points1 and therefore a loss of $2.733. billion. The loss coefficient presented 

                                                 
1 Basis points are calculated using the loss coefficient of -0.1120% calculated in Table V and the 
German Indice’s standard deviation of 1.067%: -0.1120%*1.067%=-0.119504% 
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in table VII and calculated considering only the top seven football nations is even larger 

leading to a loss of $3.201 billion in the German market.2 

 

The total sample of football games can be subdivided into results belonging to different 

stages or different tournament types. According to theory, the more important a game is, 

the stronger is the effect on investors’ mood and therefore the impact on stock market 

returns. Thus, elimination games are classified as the most important games, since a loss 

implies the direct exit from the tournament. Qualification and group games can be crucial 

for progressing to the next stage, but don’t share the exact same characteristics as 

elimination games. Hence, one would expect that the effects should be the strongest and 

most persistent for games played during the knock-out stage. The results in Table V Panel 

A are in line with the results of Edmans et al. (2007). The loss effect is the strongest for 

elimination games, followed by group- and qualifying games. However, our results for 

normalized abnormal returns depict a different picture than those presented by Edmans et 

al. (2007). The loss effect for elimination games is not significant on a 5 percent level 

anymore and smaller than the estimated effect for qualifying- and especially group games. 

The results in Table VII for the subsamples of “Top Seven Football Nations” and “Other 

Football Nations” confirm this. In both panels, the elimination game loss effect is 

insignificant and smaller than for qualification- and group games taken together. Thus, 

one can question the hypothesis that the more important a game, the stronger the effect 

on stock market returns. As a consequence, one can argue that investors do not seem to 

differentiate between qualification-, group- and elimination games, in the way that the 

respective importance affects the intensity of their emotional response.  

When turning away from the different stages to the tournaments itself, we can compare 

World Cup games to Continental Cups which comprise all games from the European 

Championship, Asian Cup, Gold Cup and Copa America. Under practical considerations, 

the World Cup is in terms of size (Teams attending, media coverage, money invested) by 

far the biggest tournament. One can argue that size implies greater awareness of the 

tournament. Therefore, investors are more extensively confronted with game outcomes 

during World Cups. Hence, the loss-effect of World Cup games is expected to be stronger 

than for Continental Cup games. Considering again the results of Table V Panel A, the 

loss effect is stronger for World Cup games in every stage of the tournament. While the 

coefficients for World Cup elimination- and group games are significant, neither of the 

                                                 
2 Loss coefficient depicted in table VII Panel A: -0.1508% multiplied by the standard deviation of 
returns of the German market: 1.067% equals abnormal returns after a loss of -0.1609% 
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Continental Cup stages is statistically significant. Thus, mainly World Cup games seem to 

drive the loss-effect in this part of the analysis. Moreover, using normalized abnormal 

returns Table VII supports these findings. For all stages, World Cup games possess a 

significant loss-effect, whereas the Continental Cup coefficients don’t show any 

significance. Our results are to a far extend in line with the findings of Edmans et al. 

(2007) who didn’t find significant loss effects of Continental Cup games, either, except for 

elimination games. The findings indicate, that a loss effect cannot be generally assumed. 

The significant differences between World- and Continental Cups imply that World Cups 

have special features leading to a greater emotional involvement of investors. Future 

research will have to prove whether it is simply the pure size of the tournament or other 

characteristics such as the value of a World Cup title to individuals, for example, that 

cause these results. 

On the way to becoming a World- or Continental Cup champion football nations face 

teams from a variety of countries, sometimes tremendously differing in skill levels. 

Therefore, depending on the opponent, win- and loss probabilities vary with each match. 

Due to the differing win and loss probabilities, some losses are more unexpected than 

others. For instance a loss of Germany to Austria will be far more unexpected than a loss 

to France, simply because the relative strength of France is much higher than the one of 

Austria. According to Bell's (1985) disappointment theory, the probability and magnitude of 

the result affects the relative strength of disappointment after experiencing an undesirable 

outcome and excitement after a desirable outcome. Van Dijk & Van Der Pligt (1997) 

conducted different studies using lotteries to test how magnitude (size of the lottery) and 

probability affect the level of disappointment and excitement. Whereas the ex-ante win-

probability seems to affect the intensity of disappointment after an undesirable outcome, 

the magnitude influences the level of excitement after a desirable outcome. However, the 

results of Van Dijk & Van Der Pligt (1997) do not indicate an effect of ex-ante probabilities 

on excitement after a favorable outcome. Thus, one might expect that the higher the 

expected ex-ante win probability of a team, the higher the experienced intensity of 

disappointment after experiencing a loss. The magnitude of the game is the main 

determinant of the intensity of excitement when experiencing a win. Hence, if a win-effect 

exists, we would expect the effect to be stronger for elimination games than for 

qualification or group games.  

The results of the analysis presented in Table VIII only partly confirm the aforementioned 

theories. The non-existent loss effect is surprising and in contrast to the previous results 

of Table V or VI. One would expect that the loss effect is stronger for unexpected losses 
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yet comparing the results to the ones in Table V the opposite can be seen. The results 

differ from findings provided by Palomino et al. (2009) who found a less significant loss 

effect for games asociated with a low ex-ante win probability and in accordance a higher 

loss effect for losses with a high ex-ante win probability. However, their results have to be 

compared with caution to the findings in this thesis, since the underlying matches and 

stock indices belonged to listed football clubs in England, where the results could also 

have direct economic implications.  

Our results partly find support by Edmans et al. (2007) who argue that due to the 

allegiance bias, the investors’ expectations might not be significantly related to objetively 

determined ex-ante probabilities. This implies that losses are almost always unexpected. 

The existence of a potential allegiance bias finds support by the already mentioned survey 

in Chapter 8.5 where fans assessed the win probability of the English team as 

substantially higher than objective probabilites assigned by bookmakers. Therefore, one 

can say that losses are always somehow unexpected and, thus, the loss effect under the 

consideration of objective probabilites shouldn’t be higher for so-called unexpected 

losses.  

Nevertheless, in contrast to Edmans et al. (2007) who state that the loss effect should 

differ in magnitude, we cannot clearly identify this trend in the analysis under the 

consideration of ex-ante win probabilities. A potential explanation is that individuals 

consider losses to direct rivals, which are often similar in terms of ability as more painful 

than unexpected losses to so-called underdogs. Hence, losses to national teams which 

are close in ability seem to drive the loss-effect in the analysis.  

The win-effect for all games is insignificant, but theory suggests to rather compare the 

coeffcients of the different stages to account for the variation in importance of the games. 

While the win effect is insignifcant when estimated over all games the analysis of 

elimination stage games provides a statistically significant win effect. This finding is in line 

with the results of Van Dijk & Van Der Pligt (1997). The magnitude or in our case the 

importance of the outcome mainly influences the intensity of excitement and thus affects 

stock market returns. One could argue that the results were outlier prone, since the overall 

win sample is rather small and less than half the size of the loss sample. However, the 

coefficient for elimination games is a staggering 58.46 basis points and therefore 

undeniably high for 23 observations.  

Therefore, in general, the win- and loss effect under consideration of ex-ante probabilities 

differs from previously seen results. While, we could not find any significant loss effect for 

losses with an ex-ante win probability higher than 60 percent, the win sample provides a 
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statistically significant win effect for games with ex-ante win probabilites lower than 40 

percent.  

 

Hosting a World Cup or one of the other Continental Cups often directs the attention of the 

entire world or the relevant continent’s to the venues of the respective tournament. Such 

tournaments are generally recognized by individuals from at least all the countries 

participating. However, one might assume that individuals living in the host country are 

even more involved, since hosting a tournament is a special occasion which raises 

additional awareness. According to Van Dijk, Van Der Pligt, & Zeelenberg (1999) the 

intensity of disappointments depends on the investment of non-instrumental effort. Non-

instrumental effort is defined as actions which do not influence the likelihood of a certain 

event to occur. Hereby, non-instrumental effort can be viewed as the emotional 

investment or involvement of individuals in the performance of the national team during a 

tournament. Greater emotional involvement among the investors can translate into a 

higher level of disappointment. Thus, stock price reactions in countries hosting the 

tournament could be stronger than for the remaining participants.  

As illustrated by the analysis in Chapter 8.6 the win- and loss effect for all games is 

insignficant. Therefore, one can argue, that the host countries do apparently not face 

more persistent win- or loss effects than the other participants of the tournament.  

However, especially the loss sample over all games provides a comparably strong 

negative loss effect with -36.81 basis points. Yet, this effect is not significant on a 5 

percent level, perhaps due to the small number of observations. Nevertheless, the loss 

effect is considerably larger than the measured effect over the entire sample of games in 

Table V. The result is mainly driven by losses in the elimination stage. Not only is the 

estimated loss coefficient for elimination game losses substantially larger than previously 

estimated coefficients (-0.5067 vs -0.1026) but it is also significant on a 5 percent level. 

Especially World Cup elimination game losses of a hosting countries’ national team seem 

to drive this effect. Although only 5 games are included in this sample, we estimate a 

negative coefficient that is more than 10 times larger in absolute terms than the coefficient 

estimated for elimination game losses in Table V and significant on a 5 percent level. The 

loss-effect of group game losses is of approximately the same size as the one estimated 

in Table V, yet insignificant.  

All in all, we conclude that the loss-effect found in stock returns of countries hosting a 

tournament is substantially larger than in the rest of our sample. This is in line with our 

expectations and available literature. Generally, however, the results and explanation 
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have to be considered with care due to the overall small sample size in this part of the 

analysis. 

 

In the second half of the analysis several extensions and adaptions are presented to verify 

prior results as well as to provide further evidence of win- and loss-effects in financial 

markets. First, the Datastream-world index is replaced by regional indices to address 

possible criticism that one reference index does not reflect the developments in each 

respective country well enough (Gerlach, 2011). The results of this analysis are presented 

in Table X and verify our previous results. This is in line with the findings of Edmans et al. 

(2007).  

Furthermore, an analysis using rolling-beta regressions to generate abnormal returns is 

conducted to sanity-check previous results as well as the underlying methodology.  

Following the rationale that foreign investors systematically underweight small cap stocks 

(Dahlquist & Robertsson, 2001; Kang & Stulz, 1997) due to a lack of foreign analyst 

coverage (Bhushan, 1989) we then expand the analysis, testing whether small cap stocks 

provide stronger evidence of win- and loss-effects.  

In Table XIII the results of the small cap stocks analysis are depicted. Neither in Panel A, 

using raw abnormal returns, nor in Panel B, using normalized abnormal returns, a 

significant win-effect can be found. This is equally true for the analysis conducted using 

regional indices. These results are in line with the results of Edmans et al. (2007) as well 

as our previous results (Table V, VI, VII etc.). Moreover, changing the methodology does 

not result in a different trend as can be seen in Tables XI and XII.  

In contrast to these findings a significant negative loss-effect can be found in the data. 

Panel A in Table X depicts significant negative loss-effects over all games, elimination 

games, World Cup elimination games and World Cup group games. When normalizing the 

returns in Panel B these findings mostly persist, with the exception of the estimated 

coefficient for losses in elimination games losing its statistical significance. However, this 

is in line with our previous results, thus, opposing the criticism of Gerlach (2011) that a 

single world market index inadequately represents respective country developments. 

Furthermore, the rolling-beta analysis verifies these results providing additional credibility. 

The arguments concerning trends across different stages and tournaments provided in the 

discussion of the loss-effects depicted in Tables V & VII can also be applied here. Thus, 

we refer to that section of the chapter to avoid repetitions. Nevertheless, we note that the 

results of our respective analyses are consistent when compared to each other. 
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Furthermore, these results continue to support and expand the analysis conducted by 

Edmans et al. (2007) and can therefore be interpreted as a validity check. 

Small Cap stock returns, however, do not support our previous findings of significant loss-

effects. Even though a significant effect is found for World Cup elimination games in Panel 

A, all coefficients are insignificant once the data is corrected for periods of high volatility. 

Therefore, we do not find significant mood effects when analyzing the returns of small 

capitalized companies. In contrast, Edmans et al. (2007) find a loss effect that is not only 

significant but also large in absolute terms. However, the analysis conducted by Edmans 

et al. (2007) is based on only 18 indices instead of 39 used in the rest of their study, all 

provided by HSBC. Our analysis is based on 24 small cap indices provided by HSBC and 

MSCI. As a result, in contrast to our analysis, the absolute size of the coefficient estimated 

by Edmans et al. (2007) cannot be readily compared to the size of previously estimated 

coefficients in their analysis. Nevertheless, our findings continue to contradict the findings 

of Edmans et al. (2007) leading us to the conclusion that the loss effect for small cap 

stock returns is not persistent throughout different datasets and time-periods. Therefore, 

future research will have to address this issue to be able to analyze potential mood effects 

on small cap stocks. 

 

In the last part of the analysis American depository receipts and their underlying foreign 

shares are analyzed with respect to possible mispricing in the local markets after football 

games. The law of one price dictates that local stock prices and ADR prices move in 

unison. As ADR’s are fundamentally redundant assets, differences in daily returns should 

only be due to country specific noise such as investor sentiment after football games. This 

theory is further supported when calculating and analyzing the correlation between daily 

ADR prices and their underlying’s. Studies also show that the prices of ADR’s and their 

underlying’s converge in the long run and often in the short run as well (Berggrun, 2005; 

Susmel & Koumkwa, 2005). Considering that the popularity of football is lower in the US 

than in other countries we assume that the ADR price resembles the fundamental value of 

the stock, while the local stock price is influenced through mood changing events in form 

of national team football results. This analysis is done to provide further evidence of win- 

and loss-effects outside the classical analysis of Edmans et al. (2007).  

The results of this analysis presented in Table XIV are conflicting. We measure significant 

negative win-effects contrasting the results of all previously discussed analyses. These 

measurements are persistent from Panel A to Panel B and therefore not due to volatility 

biases. The significant loss effect over all games is relativized when analyzing the stages 
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that cause this. Contrary to the results presented in Table V the loss-effect found when 

analyzing dual listed companies is mainly caused by qualifying games, more specifically 

World Cup qualifying games. This opposes our theory, and findings, of increased 

emotional responses to games that are considered to have a higher importance.  

Considering the extensive literature on differences in ADR prices and the prices of their 

underlying shares we come to the conclusion that even though our regression models 

were constructed to eliminate noise not related to football events, prices of ADR’s and 

their respective underlying’s often diverge. These price differences occur often enough to 

make it challenging for us to precisely measure football related effects. Academic 

literature mostly refers to the limits of arbitrage hypothesis as well as the difference in 

liquidity hypothesis to explain price differences (Rabinovitch, Silva, & Susmel, 2003). In 

this context, it is argued that limits to arbitrage prevent investors from exploiting price 

distortions possibly caused by low liquidity of either the ADR or its underlying share. 

Consequently, the results in Table XIV can neither be seen as proof of an effect of football 

game results on stock markets nor as an invalidation of these effects. Future research 

may be able to account for these difference in prices allowing a more accurate analysis of 

possible mood effects on the share price of dual traded companies. 
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10 Conclusion 

This thesis was motivated by provided evidence of psychological research that sports and 

in particular football have a strong effect on the mood of individuals which in turn 

influences their subjective risk assessment and trading behavior. Therefore, under 

consideration of previously conducted academic work, we investigate the impact of 

international football results on stock market returns.  

Our analysis did not identify any persistent and significant win effect with the exception of 

the findings associated with unexpected wins. Therefore, we conclude that the positive 

mood of investors after football game wins is not persistent enough to cause abnormal 

positive returns with the exception of unexpected wins.  

We find a statistically significant loss effect for national football teams, which is stronger 

for the most successful countries in the sample, however, remains persistent throughout 

the entire sample. The loss effect for host countries is even larger with almost five times 

the size, but not significant due to the small sample size. Further research will have to be 

done to verify whether the stock markets of host countries are exposed to an even 

amplified loss effect.  

A substantial part of the analysis comprised robustness checks to verify the validity of the 

findings and account for critics related to the empirical approach. The utilization of 

regional indices confirmed our previous results and thus rejected the criticism of Gerlach 

(2011) who stated that the DS-World-Market-Index does not sufficiently account for 

regional economic developments. The time varying beta approach verifies the results of 

the static beta regression model, whereas the market model as a simplification of the 

multi-factor model applied in the remainder of the analysis confirms the effects itself. 

However, the coefficients estimated through the market model are larger in absolute 

magnitude indicating the additional explanatory power of the multi-variate models used in 

the analysis. Therefore, we conclude that the econometrical approach by Edmans et al. 

(2007) is more appropriate in the particular case of this analysis since the measured 

absolute effects are small requiring precise estimations.  

In contrast to Edmans et al. (2007) who state that small stocks were especially sensitive 

to mood effects resulting from national football game results due to higher local 

ownership, we could not identify a significant loss effect over all games. Further research 

will have to be done to examine, whether higher local ownership of small cap indices 

translates into higher stock market reactions induced by football results.  

For the specific case of dual traded companies the results remain ambiguous. We were 

able to identify a significant loss-effect, yet the results prove the existence of a negative 
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win effect as well, which conflicts with the literature and theory dealing with the impact of 

mood effects on stock market returns. However, due to the limited data availability for 

DTCs in combination with the implemented underlying econometrical approach, we 

potentially did not manage to account for additional factors that might interfere with the co-

movement of the assets. Further research has yet to be done, to identify these factors 

enabling the analysis of football game results and their impact on asset prices in the 

context of DTCs. Furthermore, our analysis does not examine the impact of football 

results in the specific context of regions or assumes to make predictions for future periods 

of time. One might assume, that the effects are stronger in some regions than others due 

to the higher popularity of football and the induced stronger involvement of investors as 

indicated by Chapter 8.4. Additionally, due to the increasing share of international 

investors acting on national stock markets, the identified effects might be diluted or vanish 

in the future. 

Nevertheless, our results prove the existence of a persistent and statistically significant 

loss effect across different countries and, thus, expand previous academic work in the 

field of behavioral finance connecting mood changing events to stock market returns. 
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Appendix 

1. The following list depicts all companies and their respective ADR’s or foreign 

listings included in the analysis 
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2. The following chart presents country index returns’ correlations to returns of the 

DS-World index and regional indices. 
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