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Abstract 

Beach volleyball is a fast-growing modern sport that is struggling with popularity despite 

being one of the most attractive-to-watch sports when directly compared to others at the 

Olympics. This thesis studies what drives fans’ demand for watching professional beach 

volleyball. We use viewership data from YouTube live streaming of FIVB World Tour 

event – 2021 Katara Cup. In this thesis, we investigate the effect of uncertainty of 

outcome and both long and short-term determinants of team quality on fans’ behaviour. 

The uncertainty is proxied by difference in odds, the long-term team quality is determined 

by teams’ tournament seedings and short-term quality by recent winning records. The 

dynamics of fans behaviour according to the progress of the game are also studied. We 

are specifically interested in the effect of in-game uncertainty and surprising results on 

demand. Results of the work show evidence that beach volleyball fans prefer games with 

uncertain outcomes, care more about short-term team quality than long-term, and change 

behaviour in-game according to the development of uncertainty. 
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Abstrakt 

Beachvolejbal je rychle se rozvíjející moderní sport, jehož popularita neodpovídá faktu, 

že při porovnání s ostatními olympijskými sporty je označován jako jeden 

z nejatraktivnějších na sledování. Tato práce se zabývá otázkou, čím je poháněna 

poptávka po sledování profesionálního beachvolejbalu. K tomu jsou použita data o 

sledovanosti živého vysílání turnaje FIVB World Tour – 2021 Katara Cup. V této práci 

zkoumáme efekt nepředvídatelnosti výsledku a krátko i dlouhodobých indikátorů kvality 

týmů na chování fanoušků. Nepředvídatelnost je zastoupena rozdíly v sázkových 

kurzech, dlouhodobá kvalita týmů pak nasazením v turnaji a krátkodobá počtem výher 

v posledních zápasech. Také vývoj poptávky během zápasu na základě jeho průběhu je 

předmětem našeho zkoumání. Soustředíme se při tom především na vliv 

nepředvídatelnosti výsledku během zápasu a vliv překvapivých výsledků. Výsledky práce 

ukazují, že fanoušci beachvolejbalu preferují zápasy s nepředvídatelnými výsledky, více 

vnímají krátkodobou kvalitu týmů než dlouhodobou a během zápasu upravují svoje 

preference podle vývoje nepředvídatelnosti. 

Klíčová slova 

Hypotéza o nepředvídatelnosti výsledku, Soutěžní rovnováha, Turnajové sporty, 

Beachvolejbal, Sledovanost, YouTube 

Název práce 

Soutěžní rovnováha v individuálních sportech: Empirický důkaz hypotézy o 

nepředvídatelnosti výsledku  



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Acknowledgement  

I wish to express my sincere gratitude to PhDr. Radek Janhuba, M.A., Ph.D., who introduced 

me to the world of sports economics and helped me to understand the topic with his valuable 

advice. His guidance throughout the process made my work much easier. Further, I would 

like to thank my family for their support. 

 



 

Contents 
 
INTRODUCTION ........................................................................................................................1 

1. LITERATURE REVIEW .....................................................................................................3 

1.1. Competitive Balance .......................................................................... 3 

1.2. Uncertainty of Outcome and Loss Aversion ..................................... 4 

1.2.1. Uncertainty of Outcome ...........................................................................................4 

1.2.2. Betting Odds as an Uncertainty of Outcome Determinant .......................................6 

1.2.3. Loss Aversion ..........................................................................................................7 

1.3. Determinants of Viewership .............................................................. 7 

2. DATA ....................................................................................................................................10 

2.1. Data Collection ................................................................................ 10 

2.2. Data Description .............................................................................. 10 

3. METHODOLOGY ..............................................................................................................14 

3.1. Theoretical Model ............................................................................ 14 

3.2. Econometrical Models ..................................................................... 16 

3.2.1. Average Viewership Model ...................................................................................16 

3.2.2. First Set Viewership Model with Ex-ante Determinants .......................................18 

3.2.3. Viewership Dynamics Model .................................................................................19 

4. RESULTS .............................................................................................................................21 

4.1.1. Average Viewership Model Regression Results ....................................................21 

4.1.2. First Set Viewership Model Regression Results ....................................................24 

4.1.3. Viewership Dynamics Model Regression Results .................................................24 

4.2. Discussion ........................................................................................ 27 

5. ROBUSTNESS .....................................................................................................................30 

5.1. Alternative Uncertainty Proxy ......................................................... 30 

5.2. Alternative Dataset........................................................................... 32 

CONCLUSION ...........................................................................................................................34 

BIBLIOGRAPHY ......................................................................................................................37 

LIST OF FIGURES AND TABLES .........................................................................................40 

APPENDICES ............................................................................................................................41 

 

 

  



 

1 

Introduction 

Volleyball is one of the most popular sports in the world with over 800 million of people 

actively playing (Seminati & Minetti 2013). The modern variation of beach volleyball 

has been firstly introduced to mainstream sport fans at the 1996 Olympics in Atlanta. The 

sport was increasing its popularity since then with millions of dollars being earned by the 

FIVB World Tour and their players in the 00s. The spread of beach volleyball was quick, 

and it eventually caught up with its big brother, indoor volleyball, and now the FIVB 

beach and indoor players are spread 50:50 in the players’ commission.  

 

However, professional beach volleyball has reached its golden era and in the last decade 

it was struggling with keeping and monetizing the popularity. Beach volleyball is 

traditionally among the most demanded sports at the Olympics and according to polls it 

is the most exciting one among fans (Hickey 2016). Still, the financial position of the 

FIVB World Tour is incomparable to other tournament-style sports such as tennis, table 

tennis and badminton, relatively to the overall popularity.  

 

Realizing the position, FIVB is trying to rebuild the World Tour and is coming out with 

new ideas on competition design every four years. The next variation of the World Tour 

is going to start in year 2022 and it is supposed to give advantage to the top teams 

participating and to separate a certain number of teams from the rest to guarantee the 

establishment of many star teams with big fans’ support while disregarding the possible 

disadvantages of a shift in competitive balance. 

 

The objective of this thesis is to examine what drives fans’ demand for beach volleyball. 

For the purpose of our paper, we categorize beach volleyball as individual tournament 

sport which fits the particular contest design. The main area of focus will be the 

Uncertainty of outcome hypothesis, henceforth UOH, which describes the influence of 

the uncertainty of result on fans’ decision-making. The UOH has been targeted by many 

past researchers with mixed results. Moreover, majority of studies concentrated on 

collective sports. Hence, there is very little evidence from individual sports. The goal of 

this study is to fill two gaps in the existing literature on individual tournament-style sports 

by an empirical analysis of a dataset collected from a worldwide streaming platform. First, 

we aim to analyse the effect of uncertainty on the attractiveness of a game. Second, we 

study the in-game dynamics of demand as results of the shift of uncertainty.  
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To analyse the effect of uncertainty, viewership data on individual sets in the FIVB World 

Tour tournament are collected from worldwide free streaming on YouTube. This should 

allow us to study for the effect on uncertainty while avoiding biases caused by home team 

supporters. We use three types of models, one studying what drives the overall demand 

for a game, second one is focusing on viewership in the biggening of the game, thus 

calculating only with fans who came to watch the game based on information available 

ex-ante and the third model studies what drives the in-game changes in demand. We find 

evidence confirming the importance of uncertainty of outcome in all our models, 

suggesting that beach volleyball fans care for uncertainty and adjust their behaviour 

according to match progress. Furthermore, the results of our models are confirmed by 

additional robustness models. 

 

The thesis is divided into 5 chapters and is structured as follows: Chapter 1 introduces the 

key literature on competitive balance and uncertainty of outcome. In the first part, the key 

studies on competitive balance are presented. The second part focuses on the impact of 

the uncertainty of outcome and loss aversion on fans’ behaviour. In the last part of the 

chapter, the literature on other determinants influencing demand for sporting events is 

reviewed. Chapter 3 describes the methodology. In the first part, dataset and individual 

variables are introduced. Then, we include the methodology and model building. In the 

4th chapter we present the results of the regression and a discussion about the 

interpretation and possible usage in practice. In chapter 5, we add alternative models to 

check for robustness and to further support our results. Last but not least, Conclusion 

summarizes results of our thesis. 
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1 Literature Review 

Existing research on the uncertainty of outcome and competitive balance can be divided, 

as per Fort and Maxcy (2003), in two main categories. First one is about describing the 

competitive balance and the second one about testing the uncertainty of outcome 

hypothesis. Furthermore, the topic can be divided into two categories, one studying team 

sports and almost exclusively league formats. The second and much less researched 

category focuses on individual sports and tournament formats. Then, different approaches 

can be followed according to which data researchers use for defining attractivity of the 

game and the uncertainty of outcome. The research is evolving as technologies in sport 

change. In the past, the attractivity of a game would be almost solely defined by stadium 

attendance. Nowadays, TV viewership is used the most. The game uncertainty can be 

defined either ex ante, with variety of predictive models, or ex post, based on the actual 

results.  

1.1 Competitive Balance 

The concept of competitive balance, henceforth CB, has been first described by 

Rottenberg (1956) in his paper “The Baseball Players' Labor Market” and been attracting 

the attention of economists since then. Rottenberg (1956) wrote that that fans prefer 

numerous teams in contention during the regular season and therefore it is important for 

teams to distribute talent across the league to maximize profit. Later, Walter Neale (1964) 

came up with a supporting theoretical explanation for the attractivity of live sporting 

events as he introduced the Louis-Schmeling paradox. Named after two dominant 

heavyweight fighters, the paradox points out that, unlike in normal business where firms 

would always choose to have a monopoly in given market, sport “firms” aim for the 

opposite. If one of the fighters would have had a monopoly in given weight class, there 

would be no fights and thus no profits for them (Neale 1964). 

 

Recent research on league competitive balance mostly focuses on how CB is influenced 

by specific structural changes over time rather than comparing different sports or leagues 

(Fort & Maxcy 2003). There are three main streams of research on this topic as per 

Downward et al. (2019). First one addresses structural changes in financial regulations 

such as budget caps introduced in F1 and revenue-sharing as a regulation device of CB 

(Judde et al., 2013; Peeters, 2011). The second set of studies focuses is on the effects of 

labour market interventions on CB, such as draft systems, mostly used in North American 
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professional leagues or foreign player restrictions, which is a common policy to stimulate 

youth sport development in given countries and can increase competitive balance at the 

same time (Fort & Quirk, 1995; Flores et al., 2010). The third set focuses mainly on 

European soccer leagues and their competition formats, studying how different formats 

shape the competitive balance, such as the transition from a 2-1-0 to a 3-1-0 point award 

system in soccer which negatively affected CB or the usage of quadruple round-robin 

tournaments instead of double which theoretically creates less uncertainty in the 

championship race, reducing fan interest in the league (Haugen, 2008; Pawlowski & 

Nalbantis, 2015). 

 

1.2 Uncertainty of Outcome and Loss Aversion 

 

The uncertainty of outcome hypothesis was first formulated by Rottenberg (1956) as he 

claimed in his paper that “the ‘tighter’ the competition, the larger the attendance”. This 

hypothesis is connected to the competitive balance theory but focuses on how uncertainty 

affects the demand from fans in short-term (i.e., individual games). However, researchers 

have been struggling to find strong evidence supporting this hypothesis and alternative 

explanations have been recently published, pointing out that there have not yet been any 

atempt to developed a model of consumer decision making. Coates et al. (2014) 

introduced a behavioural model based on both reference-dependent preferences and 

uncertain game outcomes, which allowed for the implementation of loss aversion as a 

factor influencing fans behaviour. They showed that “loss aversion by the marginal fan 

should result in higher attendance at games with certain outcomes” (Coates et al. 2014). 

 

1.2.1 Uncertainty of Outcome 

 

Most of the research written on the UOH have not been controlling for loss-aversion. The 

literature on UOH can be divided by the methods used to determine the attractivity 

(demand) of the game. One set of papers have been written basing demand on the stadium 

attendance which, however, does not provide a clear evidence for the uncertainty of 

outcome hypothesis because of methodological problems. For instance, Simmons and 

Buraimo (2008) showed that the uncertainty of outcome has the opposite effect on 

stadium attendance in Premier League. This can be explained by the fact that stadiums 

are mainly filled with home fans who support their team and prefer to see the home team 

win rather than to be stressed about the result. Another paper written on the attendance in 
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the NBA determined a probability which maximise the stadium attendance (Rascher & 

Solmes 2007). This optimal probability was estimated to be approximately 0.66, meaning 

that fans want their home team to have about twice the chance to win a game as the 

visiting team, which is in contradiction to the uncertainty of outcome hypothesis. 

However, those results show more about how wrong the stadium attendance approach is 

in terms of testing the UOH. Abovementioned methodological shortcomings are based on 

the fact that authors use aggregated attendance figures, which do not differentiate between 

spectators’ types, for instance, season ticket holders and game day spectators or home 

team fans and pure sport fans. 

 

As a response to methodological problems with the stadium attendance, more authors 

started determining attractivity of games with TV viewership. This line of research is 

gradually growing also because of the structural change of income in sports as most of 

the income now comes from the TV rights and not from stadium attendance (Schreyer et 

al. 2018). However, the evidence on UOH is still mixed even with using the viewership 

approach. This may be caused by other methodological inaccuracies. One of the problems 

is that many studies have been focused only on the games that were broadcasted by one 

TV channel. This, for example in Premier League, means that only about 25% of the 

games have been analysed and those games were predeterminate by the broadcaster to 

attract the most viewers (Rascher & Solmes 2007). However, thanks to modern 

technologies (such as DVB-T2 and live streaming platforms), some broadcasters are now 

able to stream all games and researchers can analyse the whole set of games played in 

given league. 

 

New technologies allow for evolution in research and the possibility to study the effect of 

game uncertainty not only on demand for the games in general but also for the dynamics 

during games. It has been shown that the viewership in the beginning of NFL games have 

been following the sports economic theories, including UOH, but also that the in-game 

demand follows the same principles, but the perception of fans changes and they 

determine the uncertainty as the game progresses (Paul & Weinbach 2007). This approach 

has not been yet used in individual sports mostly because of the lack of data needed. With 

TV proxy data it is not easy to capture in-game changes of viewership. Thus, internet 

streaming platforms seem to be the best option for studying such matter. 
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1.2.2 Betting Odds as an Uncertainty of Outcome Determinant 

 

Many different approaches have been used by researchers to determine the uncertainty of 

outcome for games. The most important thing to properly examine the uncertainty of 

outcome is to capture the actual perception of fans on the given game. This leads to a 

question; how do fans determine the probabilities of possible outcomes? One group of 

researchers tried to determine it by using differences in rankings based on past 

performances. Other is using betting odds to determine the exact probabilities based on 

professional estimation by bookmakers.  

 

For instance, Konjer et al. (2017) used the difference in tennis ranking (and its square). 

Also, Schreyer et al. (2018) used this approach with FIFA world ranking. On the one 

hand, this may capture the perception of fans well if we assume that fans are familiar with 

the rankings or that the rankings mirror how strong fans think the teams are. On the other 

hand, it is very insensitive to diversions as many different biases may appear that cannot 

be captured in the difference in rankings such as certain team is playing at home, has “hot 

hand” (winning streak) or certain player has great talent but have not been competing 

recently. 

 

The betting odds approach can be divided into two categories, one studies sports which 

do have draws as possible results of games and the other one sports which do not. The 

probability of winning (or a draw) is based on a simple formula (1) using betting odds.  

𝑃𝑖 =  
𝑂𝐷𝐷𝑆𝑗

∑ 𝑂𝐷𝐷𝑆𝑘𝑘
 

Where Pi stands for probability of favourite or underdog team winning, ODDSi stands for 

the betting odds of the other team winning and k = i, j. 

 

Sports with draws as an outcome have three commonly used determinants of UO: first 

one is the probability of a draw, the second is simple difference between winning 

probabilities and the third one is so-called Theil measure, which is based on the 

distribution of all three possible game outcomes: home win, draw and away win (Schreyer 

et al. 2018). In sports with no possibility of a draw the difference between betting odds is 

commonly used as a proxy of uncertainty (Tainsky et al. 2013). This approach is used in 

our study as well as there is no possibility of draws in beach volleyball. 
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1.2.3 Loss Aversion 

 

Loss aversion has been neglected for long time as a determinant for sport demand, but it 

has been studied recently with positive results in TV viewership (Humphreys & Pérez 

2019) and even more significant results with stadium attendance (Coates et al. 2014). 

There is evidence from La Liga that TV viewers strongly prefer games with low 

uncertainty of outcome and that even after controlling for star players and popularity, TV 

audience is higher when home win probability is lower (Humphreys & Pérez 2019). This 

has two possible explanations. Either fans value possible upsets a more than tight games, 

even though they are less likely to happen, or fans are loss aware, i.e., they want their 

exceptions of the result of the game to be fulfilled, thus not being surprised and 

disappointed. This is clearly in contrast with literature on UOH. However, this problem 

has not been studied yet with data from individual sports.  

 

1.3 Determinants of Viewership 

 

Literature written on determinants of sport events viewership mostly analyse team sports 

with league formats and has traditionally followed the consumer-theory model which 

specifies five primary categories of determinants for sport events demand: economic 

factors, quality of the viewing experience, characteristics of the sporting matchup, 

consumer preferences and supply (Tainsky et al. 2013). Not every category matters to this 

research but each of them is addressed and the relation to this research is described. 

 

The economic factors were proved to have significant impact on demand (García & 

Rodríguez 2002), however, in our case there is no cost for watching the games. There can 

be some expenses found such as costs for internet connection or watching devices but 

those are marginal and can be disregarded as they are same for all games. 

 

The quality of viewing experience can be a major determinant of demand. It has been 

proven that stadium quality influences the attendance (Wakefield & Sloan 1995). This 

does not relate to our study, but the consumer’s experience can be also influenced by 

scheduling of the games. Past research was mostly focused on characteristics of the days 

when games are held and showed that weekend and holidays positively influence demand 

for sports (Tainsky et al. 2013). Our data only analyse games that were played during 

weekdays with no major holidays, so we do not have to control for that. On the other 
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hand, our game times differ from early mornings to late nights which could be influencing 

the demand. 

 

To characterise the sporting matchup, the dominant factors commonly used are the 

uncertainty of outcome and quality of teams. Having the UO covered in subsection 3.2.1, 

we focus on the determinants on teams’ quality and its’ effect on demand. There are 

numerous ways to determine the quality both from short-term and long-term point of way. 

In case of individual sports, the long-term quality can be quantified by official rankings 

and tournament seedings (Schreyer et al. 2018). However, the short-term quality, which 

was proved to have a great positive effect on attendance in league sports (Kahane & 

Shmanske 1997), may not make a good sense in some tournament-style sports. For 

instance, in a classic tennis tournament, only winners can go to the next round so every 

game is played between two unbeaten players which does not allow for the short-term 

quality comparison in same stages of tournaments. However, games played in later stages 

of a tournament have been found to attract more fans which could be interpreted as a 

short-term quality preference as players prolong their winning streak in every stage 

(Konjer et al. 2017). In the case FIVB beach volleyball World Tour, the system of 

modified pool plays1 followed by single elimination is used, which allows for one loss in 

group stage before dropping from the tournament. This leads to the opportunity to study 

the short-term quality as the games in pools are played between losers and winners of first 

round. 

 

The literature on consumer preferences have found strong evidence on national 

identification. Konjer et al. (2017) analysed the German TV market and showed that 

matches with German player participation attract up to 50% bigger audiences than 

matches without. This implies that while studying viewership on platforms available 

worldwide, we must control for countries with major beach volleyball markets. Other 

factors of consumer preferences are sport specific and imply to team characteristics and 

popularity. The superstar effect has been proved many times in league sports and the 

robust nature of the superstar effect implies that it may be widespread throughout the 

sport economy (Humphreys & Johnson 2020). There is very little evidence on star 

 
1 The highest seeded team plays the lowest seeded team in the same pool, while the 2nd highest seeded 

team plays the 3rd highest seeded team in the same pool. The winners of the above two matches play each 

other, with the winner to top the pool and the losers as 2nd ranked team from the pool phase. The losers 

of the above two matches play each other, with the winner as the 3rd ranked team from the pool phase 

and the loser eliminated from the Pool Phase. (FIVB Sport Regulations) 



 

9 

appearance influence from individual sports. The only study written on this topic 

concluded that in the UFC, starpower makes a considerable difference and that audiences 

certainly gravitate to events featuring familiar fighters. The authors also pointed out that 

it is in line with findings from league sports which claim that the presence of stars is 

highly associated with road attendance and thus, demand for individual sports could 

follow same model as per road audience (Tainsky et al. 2013). However, no study was 

yet conducted in individual sports controlling for loss-aversion/upset preference of fans 

and thus describing the relation between star appearance and reference-dependent 

preferences. 

 

The last factor mentioned, supply, does play a role in studying TV viewership. Common 

practice is to broadcast only a selection of games. Thus, fans can only choose from some 

predetermined set of games which may cause biases in the analyses using TV proxies 

(Schreyer et al. 2018). This problem can be vanished with the usage of internet streaming 

and other technologies, which allow for simultaneous streaming, giving consumers an 

opportunity to choose games solely based on their preferences. 
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2 Data 

 

Data capturing demand for sport has been a key problem for researchers studying UOH 

in the past. Even if we completely disregard the problem of attendance vs. viewership 

data and focus on viewership data only, there still are methodological problems. The 

inevitable problems of using TV viewership proxies are that only one market could be 

studied, and broadcasted games are preselected by the provider. New approach using 

internet streaming available worldwide have been firstly used by Tainsky et al. (2013) 

and has the potential to elimate such biases. 

 

2.1 Data Collection 

In the pursue of quality dataset we wanted to have viewership data for an individual sport 

from online streaming with minimum country restrictions and no game preselection. We 

have narrowed down possible sources to five major providers in beach volleyball and 

tennis world (table 2.1) which fit our requirements. After almost a year of being in contact 

with all of them, none of them was able to provide the required dataset for this thesis, 

mostly because of the lack of data collecting. This shows how much space there still is 

for development in sports media sector, especially in beach volleyball. 

In the end, dataset for this thesis have been manually collected through YouTube 

livestreams on the FIVB channel during the double gender 2021 FIVB World Tour Katara 

Cup in Doha. 

Table 2.1: Approached Broadcasters 

Broadcaster Outcome 

BeachStream.com 

Amazon Prime/AVP 

ATP TV 

Livesport 

O2 TV Sport 

Not collecting data at all 

Past data not accessible 

Not providing data for research 

Too much work to provide required data 

Too much work to provide required data 

 

2.2  Data Description 

 

The primary data source of this thesis is a dataset quantifying dynamic viewership of each 

game at Katara Cup joined with data describing teams’ characteristics, ex-ante game 

characteristic and actual game progress. Fans’ demand for a game is studied as a 
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dependent variable and viewership is used as a proxy of it. The whole tournament has 

been livestreamed on YouTube without any geographic restrictions for potential viewers 

thus aggregating demand from different markets (disregarding countries with censorship 

such as China or DPRK, which were anyway not able to send their players to the 

tournament because of the Covid-19 pandemic). This data was combined with betting 

odds from oddsportal.com, where odds are collected from different providers, and game 

characteristics downloaded from the official FIVB World Tour website. The list of  

collected variables is showed in table 2.2.1. 

 

The methodology for collecting viewership data was set as following: number of live 

viewers of the stream after 2 points played and at the first set-point in each set were 

collected. This allows for analysing the in-game determinants and how they influence 

game attractivity. When determining demand for whole game, this method also minimizes 

the risk of biases caused by unknown shifts in demand at specific times. During the 

tournament 259 sets in 112 matches were played including both genders.  

Different dependent variables for viewership are used in this thesis. The overall average 

viewership of all sets is used for the main model. Then, the beginning of first set is used 

the disregard the influence of the actual progress of the game and to study the ex-ante 

determinants of viewership. To study the effects of in-game dynamics the difference 

between the beginnings of first and second sets is used. 

 

The vector of team characteristic variables includes gender, nationality for countries with 

high demand for beach volleyball (Germany, USA, Brazil, and Russia are defined as 

 

Table 2.2.1: List of Collected Variables 

Dependent variables: Overall Average, First Set Beginning, Set Difference 

Independent Variables: 

Ex-Ante Characteristics In-Game Characteristics 

Team Set-Up Outcome 

Sum of Points in Set 

Surprise dummy 

 

Odds Difference  

Seeding  

Gender 

Nationality 

Jump set dummy 

Star dummy 

Time  

Stage  

Court 
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‘major markets’ because of their national tours having the highest attendance) and the 

jump set factor which accounts for teams implementing new strategy on rise in beach 

volleyball, which consists of creating new offensive scenarios and is assumed to be more 

attractive.  

 

To define team’s objective quality, seeding at the tournament is used (counted from the 

FIVB Entry Points ranking). From the seeding we derive variables used for individual 

games such as dummy variable star for teams seeded in top four spots. Furthermore, 

seeding characteristics are used including the sum of seedings and the minimum seeding 

in each game to evaluate the general ‘quality’ of the game and the appearance of star 

team. 

 

The vector of ex-ante match-up characteristics contains the odds difference which is used 

as a proxy of uncertainty of outcome. Odds were taken from the website oddsportal.com 

which collects prior to game betting odds from all available providers in UK and 

calculates simple averages for each game. Odds were collected and used in decimal 

version2, which is the most common for European betting industry and were used in past 

literature on UOH. 

 

The vector of game specific characteristics includes time when the game starts 

represented by the dummy variable morning and evening as scheduling was proved to 

have impact on demand in previous literature. Also, stage and court variables were 

attached capturing respectively on of the nine stages of tournament and one of the 4 courts 

used. However, the only difference between courts was that the centre court had better 

stream quality (multiple camera angles) than the rest of the courts. 

 

The vector of the in-game variables contains the exact scores of all sets. The sums of each 

sets are used as a better proxy of ‘tightness’ or ‘dramatism’ of a game than a simple point 

difference in each set because of the option to differentiate between games with two-point 

difference. For instance, a set that ended 28:26 was generally ‘tighter’ or ‘more dramatic’ 

than a 21:19 set even though the point difference is the same. Dummy variable for 

surprise assigns 1 if an underdog won the first and 0 if opposite.  

 
2 The decimal odds are defined as a ratio of the pay-out amount, including the original stake, to the stake 

itself.  
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Also, the final score is included as a categorical variable outcome with four different 

possible outcomes from the favourite perspective being either win or loss and either in 

two or three sets. 

 

The statistical summary for variables used is presented in table 2.2.2. 

 

Table 2.2.2: Summary of Collected Variables 

Statistic N Mean St. Dev. Min Pctl(25) Pctl(75) Max 

Dependent 

Variables 
       

Overall Average 112 1,640.612 1,582.400 230.750 823.229 1,770.188 10,751.750 

Set Difference  112 499.491 763.930 -228 125.5 465.2 4,553 

Beginning of First 

Set 
112 1,118.071 945.264 110 569.2 1,266.5 6,739 

Beginning of 

Second Set 
112 1,617.562 1,637.530 248 780 1,827.5 11,292 

First Set Average 112 1,377.299 1,270.134 181.000 695.750 1,536.375 8,975.000 

Second Set 

Average 
112 1,778.853 1,821.206 264 832.5 1,960.6 12,528 

Third Set Average 35 2,104.571 1,713.441 463.500 1,166.000 2,279.250 10,435.000 

        

Explanatory  

Ex-Ante Variables 
       

Odds Difference 112 2.354 2.073 0.000 0.660 3.310 9.080 

Sum of Seeding 112 29.357 11.683 3 19.8 33.2 51 

Outcome 112 1.991 1.174 1 1 3 4 

Stage 112 1.982 1.439 1 1 3 7 

Male 112 0.500      

Morning Dummy 112 0.250      

Centre court 112 0.330      

Star Dummy 112 0.312      

Surprise Dummy 112 0.321      

Third Set Dummy 112 0.312      

Jump Set Dummy 112 0.045      

GER Dummy 112 0.152      

USA Dummy 112 0.268      

BRA Dummy 112 0.268      

RUS Dummy 112 0.268      
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3 Methodology 

 

In the first subsection, we will describe theoretical background behind the econometrical 

models and in the second I will introduce three main econometrical models. 

3.1 Theoretical Model 

Firstly, we will introduce a behavioural model for fans’ decision making derived as a 

variation of the one used by Coates et al. (2014) for home stadium attedance. The model 

is based on reference-dependent preferences to capture the influences of relation between 

the actual game outcome and the expectation of the consumer prior to the game. 

Consumers receive two types of utility after making a decision to watch a given game, 

those being the standard consumption utility and the “gain-loss utility” which compares 

the expectation of the costumer (reference point) to the actual outcome of the game. After 

evaluating this aggregated utility, costumer can compare it to a reservation utitlity and 

watch the game if it exceeds it.  

 

The model is developed including only two possible outcomes of the game, which is 

standard for individual sports: a win or a loss. Binary variable x = 1 represents a win and 

x = 0 stands for a loss. The teams are assigned to be either favourite or an underdog 

according to the betting odds from which a win probability can be derived. The model is 

based on the perspective of the favourite team with pW being the probability of the 

favourite to win seen from the perspective of fans and thus E(x = 1) = pW. The 

consumption utilities for a win and a loss are respectivelly UW and UL and and act of 

watching a game generates aggregated utility UAi. 

It is assumed that both the positive-result marginal impact 𝛼 and the negative-result 𝛽 

are greater than 0, 𝛼, 𝛽 > 0. The aggregated utilities can be described by following 

equations and are visualized in graph 3.1.1. 

𝑈𝐴𝑊 = 𝑈𝑊 +  𝛼(1 − 𝑝𝑊) 

𝑈𝐴𝐿  = 𝑈𝐿  +   𝛽(0 − 𝑝𝑊) 

From this, an expected customer’s utility can be derived using the probability of win pW 

and a probability of loss (1 – pW ). 

𝐸[𝑈] = 𝑝𝑊 ∗  𝑈𝐴𝑊 + (1 − 𝑝𝑊) ∗  𝑈𝐴𝐿   
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This can be further transformed into a quadratic function of pW. In graph 3.2.2 we show 

of such case for the typical uncertainty seeking fan.  

𝐸[𝑈] = (𝛽 − 𝛼)𝑝𝑊2
+ [(𝑈𝑊 − 𝑈𝐿) − (𝛽 − 𝛼)]𝑝𝑊 + 𝑈𝐿   

 

Graph 3.1.1: Utilities of Fans (Coates et al. 2014) 

Graph 3.2.2: Uncertainty of Outcome Hypothesis (Coates et al. 2014) 
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From this equation we can describe special case that is more common in individual 

sports than in team sports, which is the pure fan of the game. The pure fan has the same 

utility for all possible outcomes (results) and gain-loss utility does not influence his 

consumer utility. Such consumer should decide whether to watch a game only based on 

characteristics that are not in relation with outcome such as overall game quality, 

dramatism, and scheduling (Coates et al. 2014).  

3.2  Econometrical Models 

 

Three econometrical models are used in this study with some variations. The first model 

is a general model explaining what drives overall demand for beach volleyball games 

with both ex-ante and in-game variables used. This model should cover for both the fans 

preferences of game characteristics and their preferences regarding the actual course of 

the game. Second model covers the ex-ante determinants and their influences on the 

overall demand for the game, to test for robustness, also first set viewership is used as a 

dependent variable. This model should provide the best evidence on the UOH. The third 

model describes the consumers behaviour during a game as is using as dependent variable 

the difference in the number of fans between first and second set. For this model, the 

characteristics of the first set are used to determine what drives fans interest while 

watching a game. For all models, the standard OLS regression with quadratic term is used 

to estimate as it was a standard tool in the previous research on the Uncertainty of 

Outcome Hypothesis (Schreyer et al. 2018, Coates et al. 2014, Caruso et al. 2019, Forrest 

& Simmons 2002). 

3.2.1 Average Viewership Model 

 

In the average viewership model, the intention is to show the proportion in which the 

three main parameters, uncertainty, game quality and outcome, influence demand for a 

game. The model can be described by the following equation and is further explained in 

this subsection. 

 

ln 𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑣𝑖𝑒𝑤𝑒𝑟𝑠ℎ𝑖𝑝 =  𝛼 +  𝛽1𝑂𝑑𝑑𝑠 𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒 + 𝛽2(𝑂𝑑𝑑𝑠 𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒)2  

+ 𝛽3𝑆𝑒𝑒𝑑𝑖𝑛𝑔 + 𝛽4𝑆𝑐𝑜𝑟𝑒 + 𝛽5𝑀𝑜𝑟𝑛𝑖𝑛𝑔 +  𝛽6𝑀𝑎𝑙𝑒 + 𝛽7𝑆𝑡𝑎𝑔𝑒 +  𝛽8𝐶𝑒𝑛𝑡𝑒𝑟 𝑐𝑜𝑢𝑟𝑡 

+ 𝛾1𝑁𝑎𝑡𝑖𝑜𝑛𝑎𝑙𝑖𝑡𝑦 + 𝛾2𝑂𝑑𝑑𝑠 𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒 × 𝑆𝑐𝑜𝑟𝑒 +  𝜀  
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The uncertainty of outcome is represented by variable odds difference in a way that the 

bigger the difference is, the smaller the uncertainty is. In the original hypothesis 

constructed by Rottenberg, greater uncertainty should increase demand (Rottenberg 

1956). Even though the evidence in literature is mixed, we expect the uncertainty of 

outcome to influence the viewership positively as our dataset includes demand from 

multiple markets and fans are expected to behave as pure fans of the game on average. 

The squared variable of Odds difference is also included as it is shown in the behavioural 

model that the demand function is quadratic. According to the theoretical model, we 

expect the influence of uncertainty to decrease as the odds difference grows. 

 

A variable derived from seedings is used to stand for game quality and is represented with 

variable Seeding. It is defined as a sum of teams’ seedings, which have been used as a 

proxy for objective quality in past studies (Schreyer et al. 2018). 

 

Final score containing sets only is used as a factor variable to stand for outcome (model 

1) which accounts not only for which team have won but also for whether a deciding set 

had to be played. Surprise dummy, which represent whether an underdog won first set, is 

then used as a different version of outcome proxy tin pursue of improving the model 

(model 2). 

 

Additional variables are used to improve the model. Stage variable accounts for the 

progress of the tournament with factor variable standing for rounds of the tournament. 

Those stages are divided between modified pool play and play-offs. There is also an 

opportunity to study for differences in short-term game quality (opposite to long-term 

mentioned above which is determined by seedings). In the group stage and finals, losers 

and winners from first pool games play each other and after semi-finals, winners and 

losers also match. This approach of using recent games was used in past studies to 

determine team quality (Kahane & Shmanske 1997). This allows for comparison between 

how fans evaluate long-term and short-term team quality determinants. 

 

In this particular tournament, centre court have had better stream quality with multiple 

camera angles then the other courts. This requires for using a dummy variable centre 

court and allows for studying the effect of broadcast quality on fans’ demand. However, 

potential biases may occur as organizers choose which games in each round will be played 
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on centre court. In this selection, organizers preferred home teams, ‘hot matches’, but also 

random selection has been used. 

 

FIVB Beach Volleyball World Tour takes pride in the fact that beach volleyball was the 

first sport to have equalized prize money for women and men categories. However, 

gender stereotypes in beach volleyball were still proven during TV broadcasting with 

sexistic tendencies of cameramen and directors and this issue have not been openly 

addressed since (Bissell & Duke 2007). According to widely spread stereotype, women 

beach volleyball games are attracting more attention from fans. Because of that we 

include the variable male to study the difference between demand for each gender. The 

dummy variable jump set is not included in the model due to its’ insignificant. 

 

In vast majority of past studies, patriotism has been shown to influence fans’ behaviour 

and thus we include a vector of dummy variables accounting for major beach volleyball 

markets (Konjer et al. 2017). 

 

In the model, we also let the variables odds difference and score interact to improve 

explanatory power of the model as fans may value outcome differently according to pre-

game expectations. 

3.2.2 First Set Viewership Model with Ex-ante Determinants 

 

ln 𝐹𝑖𝑟𝑠𝑡 𝑠𝑒𝑡 𝑣𝑖𝑒𝑤𝑒𝑟𝑠ℎ𝑖𝑝 =  𝛼 +  𝛽1𝑂𝑑𝑑𝑠 𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒 + 𝛽2(𝑂𝑑𝑑𝑠 𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒)2 

+ 𝛾1𝑆𝑒𝑒𝑑𝑖𝑛𝑔 +  𝛽3𝑀𝑜𝑟𝑛𝑖𝑛𝑔 +  𝛽4𝑀𝑎𝑙𝑒 +  𝛽5𝑆𝑡𝑎𝑔𝑒 +  𝛽6𝐶𝑒𝑛𝑡𝑒𝑟 𝑐𝑜𝑢𝑟𝑡 

+ 𝛾2𝑁𝑎𝑡𝑖𝑜𝑛𝑎𝑙𝑖𝑡𝑦 +  𝜀 

 

In the model described by the equation above, the outcome of the game is dropped, and 

demand for first set is studied. With only ex-ante determinants and first set viewership 

numbers used, this model explains the actual number of people who came to watch the 

game because of its characteristics, not because of its course and allows to study how the 

uncertainty of outcome and team quality impact on demand. 

 

Same variables as in the first model are used except for the outcome variable being 

dropped. However, different approaches are used for robustness in determining the long-

term teams’ quality, represented by vector of variables 𝛾1. The sum of seedings is used in 
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the literature but this approach may have its shortcoming when trying to differentiate 

between games with big difference in seeding and games with small difference. For 

instance, this approach rates a game between number 14 and 16 the same as a game with 

number 29 playing number 1, which is not necessarily an efficient way to express fans 

point of view. Other variables are introduced as a proxy of teams’ quality. Those variables 

are the minimum seeding, which stands for the best seeded team from each game. This 

variable should capture the idea that fans may care only for the ‘best performance’ and 

do not care about who will be standing on the other side of the net. Also, the star dummy 

is included, standing for first 4 teams seeded in tournament. This variable should stand 

for the idea that fans care mostly about ‘big names’ in sport.  

3.2.3 Viewership Dynamics Model 

 

The viewership dynamics model intends to explain what drives consumers’ behaviour 

during a game and what causes changes in viewership between the first and the second 

set. The model can be described by the following equation. 

 

ln 𝑆𝑒𝑡 𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒 =  𝛼 +  𝛽1𝐹𝑖𝑟𝑠𝑡 𝑠𝑒𝑡 𝑠𝑢𝑚 +  𝛽2𝑂𝑑𝑑𝑠 𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒 

+ 𝛽3(𝑂𝑑𝑑𝑠 𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒)2  +  𝛽4𝑆𝑢𝑟𝑝𝑟𝑖𝑠𝑒 𝑑𝑢𝑚𝑚𝑦 + 𝛽5𝑀𝑜𝑟𝑛𝑖𝑛𝑔 +  𝛽6𝑀𝑎𝑙𝑒 

+ 𝛽7𝑆𝑡𝑎𝑔𝑒 +  𝛽8𝐶𝑒𝑛𝑡𝑒𝑟 𝑐𝑜𝑢𝑟𝑡 + 𝛾1𝑁𝑎𝑡𝑖𝑜𝑛𝑎𝑙𝑖𝑡𝑦 

+ 𝛽9𝐹𝑖𝑟𝑠𝑡 𝑠𝑒𝑡 𝑠𝑢𝑚 × 𝑂𝑑𝑑𝑠 𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒 

+ 𝛽9 𝑆𝑢𝑟𝑝𝑟𝑖𝑠𝑒 𝑑𝑢𝑚𝑚𝑦 × 𝑂𝑑𝑑𝑠 𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒 +  𝜀 

 

As a dependent variable, we use two different variables for robustness derived from the 

difference between the first and the second set. First one, set difference, is a simple 

difference between number of fans watching in the beginning of first set and number of 

fans watching the beginning of the second set. From the absolute difference a percentage 

difference is derived and used as a second dependent variable to control for correlation 

with the overall demand for a game. 

 

The first explanatory variable is describing the ‘tightness’ or ‘dramatism’ of the first set. 

We use a proxy first set sum to stand for this and define it as the sum of all points scored 

in first set. This should account for how close the set was as well as differentiate between 

results with two-point differences as we suppose that fans evaluate final score 28:26 more 

dramatic than 21:19 even though the point difference is the same. The second explanatory 
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dummy variable that describes first set is a surprise dummy which accounts for whether 

the result of first set was anticipated or not. 

 

Additional variables, which were used in previous two models, are used to capture their 

influence on dynamics of demand. Those being odds difference and odds difference 

squared, factor variable stage and dummy variables centre court, morning and male. 

It is expected that surprises hit fans different according to pre-game expectations as well 

as tightness of the game may affect demand differently according to pre-game odds so 

two interactive variables are included for odds difference with surprise dummy and first 

set sum. 
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4 Results 

 

This section is divided into two main subsections. In the first subsection, the results for 

the abovementioned models are presented and in subsection 4.2, these results are 

discussed. 

4.1.1 Average Viewership Model Regression Results 

 

In table 4.1.1, the results of the average viewership models described in section 3.2.1 are 

shown. Firstly, we used the model with standard average viewership, but the Breusch-

Pagan test rejected the null hypothesis of homoskedasticity with low p-value. Thus, the 

logarithmic form of average viewership is used, and it also fits better for models 1 and 2. 

Not all variables were found statistically significant, but we include all of them in the 

table. 

 

In the three main categories of explanatory variables in this model (uncertainty, quality, 

outcome), the most straightforward and significant results appeared for the uncertainty of 

outcome proxy odds difference. The results suggest that the increase of difference by one 

decreases the average viewership by around 5%. In practice, this approximately equals to 

saying that with every 10% added to chances of favourite winning the game, demand for 

the game decreases by 5%. So for instance, ceteris paribus, a game where favourite team 

has 80% chance of winning attract 10% less fans than when favourite has a winning 

chance of 60%. This is strongly supporting the uncertainty of outcome hypothesis. 

However, when the quadratic term is introduced, the significancy of the negative impact 

declines, but still stays significant in model 4. The estimate of odds difference squared is 

positive but not significant. This probably happens because of the low number of 

observations which does not allow for isolation of the quadratic effect. However, if we 

would interpret the positive estimate, that would mean that the influence of odds 

difference is wearing of as it increases for the whole dataset as the minimum of potential 

parabola would be around 10 which is higher than the highest odds difference in our 

dataset. 

 

 

Interestingly, the long-term quality of teams, seeding sum, does not significantly affect 

the demand as opposed to evidence from collective sports. However, if we interpret the 

stage of the tournament as a short-term quality indicator because in each round the number 
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of consecutive wins each team has increases. Then, the team quality influences demand 

significantly. Interesting differences can be found in comparison between same rounds 

but with different records in previous games. In the group stage, second games are played 

between losers and winners from first games. The results suggest that the losers game is 

much less demanded by fans even though, opposed to the winners game, the loser of that 

game is eliminated of the tournament. Furthermore, from the first round of play-off 

demand gradually increases until the finals with only exception being the bronze medal 

game which has demand even lower than the semi-finals. This is evidence suggests that 

fans value short-term team quality rather than of long-term. 

 

The outcome variable showed significantly higher demand in model 1 only for one result. 

The 2:1 win for a favourite was found to increase demand by 30%. This suggests that fans 

care for a dramatic game, decided in three sets, but want the favourite to win. This points 

to fans being loss aware in terms of their expectations, i.e., they do not want to be 

surprised. This is then not contradicted by model 2 where the surprise dummy variable of 

underdog winning first set does not have significant impact on demand. 

 

Additional explanatory variables show that men beach volleyball has significantly higher 

demand as men games attracted 49% more fans. Also broadcasting quality and scheduling 

have significant impact as games at centre court with better stream quality were watched 

by 28% more viewers and morning games had demand lower by 43%. From countries 

dummy variables, only Germany and Brazil had significantly higher demand for their 

games by respectively 33% and 21%. 
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Table 4.1.1: Regression Results – Average Viewership Model 

 Dependent variable: 

 ln (Average Viewership) 
 (1) (2) (3) (4) 

Odds Difference -0.045** -0.051*** -0.072 -0.095* 
 (0.021) (0.019) (0.056) (0.053) 

Odds Difference Squared   0.003 0.006 

   (0.006) (0.006) 

Seeding Sum -0.002 -0.002 -0.002 -0.002 
 (0.004) (0.003) (0.004) (0.004) 

Outcome 2:1 0.302**  0.297*  
 (0.151)  (0.152)  

Outcome 1:2 0.018  -0.001  
 (0.127)  (0.133)  

Outcome 0:2 0.131  0.107  

 (0.143)  (0.150)  

Surprise Dummy  -0.018  -0.046 
  (0.105)  (0.110) 

Morning -0.426*** -0.447*** -0.433*** -0.458*** 
 (0.108) (0.106) (0.110) (0.107) 

Male 0.491*** 0.455*** 0.480*** 0.438*** 
 (0.073) (0.074) (0.076) (0.076) 

Centre Court 0.284*** 0.296*** 0.275*** 0.276*** 
 (0.072) (0.073) (0.075) (0.076) 

Country GER 0.328*** 0.339*** 0.321*** 0.330*** 
 (0.085) (0.087) (0.087) (0.087) 

Country BRA 0.205*** 0.187** 0.203*** 0.184** 
 (0.072) (0.075) (0.073) (0.075) 

Stage 2 : pool play (losers) -0.108 -0.072 -0.114 -0.079 
 (0.110) (0.113) (0.112) (0.113) 

Stage 3 : pool play (winners) 0.176 0.217* 0.178 0.217* 
 (0.113) (0.114) (0.114) (0.114) 

Stage 4 : first round 0.146 0.211* 0.144 0.211* 
 (0.107) (0.108) (0.107) (0.108) 

Stage 5 : second round 0.454*** 0.459*** 0.450*** 0.451*** 
 (0.117) (0.115) (0.118) (0.116) 

Stage 6 : quarter-finals 0.559*** 0.599*** 0.551*** 0.585*** 
 (0.147) (0.149) (0.148) (0.150) 

Stage 7 : semi-finals 1.330*** 1.363*** 1.332*** 1.363*** 
 (0.203) (0.202) (0.204) (0.202) 

Stage 8 : bronze medal games 1.135*** 1.104*** 1.132*** 1.098*** 
 (0.252) (0.257) (0.253) (0.257) 

Stage 9 : finals 1.792*** 1.797*** 1.789*** 1.790*** 
 (0.253) (0.255) (0.254) (0.255) 

Constant 6.640*** 6.692*** 6.684*** 6.772*** 
 (0.166) (0.165) (0.187) (0.187) 

Observations 112 112 112 112 

R2 0.857 0.843 0.857 0.844  

Adjusted R2 0.823 0.815 0.822 0.814  

Note:Full regression results are included in Table 

A.1. 
 

 
*p**p***p<0.01  
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4.1.2 First Set Viewership Model Regression Results 

 

The regression results for ex-ante demand models 5, 6 and 7 which use first set average 

viewership as dependent variable are shown in table 4.1.2. Those models had similar 

results in Breusch-Pagan test to models 1 and 2. Thus, we also used logarithmic value of 

first set average to improve the model.  

 

The results show similar prove to models 1 and 2 as odds difference has significantly 

negative impact on demand between 4,5 and 5%. This is even stronger evidence on the 

uncertainty of outcome hypothesis as the dependent variable is not influenced by in- 

game events.  Furthermore, none of the long-term quality determinants proved any 

influence on demand which is surprising and in contrast with literature especially in 

case of the star dummy. Other variables showed likewise results to models 1 and 2. 

4.1.3 Viewership Dynamics Model Regression Results 

 

The model of demand dynamics uses differences between first and second set as a 

dependent variable. The Breusch-Pagan test did not reject null hypothesis of 

homoskedasticity. Model 6 uses absolute values of set difference which are influenced by 

the overall demand and has higher R-squared thanks to using variables which explain also 

overall demand, model 7 uses percentual change with lower R-squared but still some 

significant results.  

 

The results presented in table 4.1.3 suggest that the progress of fans’ demand is influenced 

by the result of first set as surprise dummy has significant effect on viewership change in 

model 13 but the evidence is not very strong as other models showed positive but 

insignificant results.  

 

The results of the characteristic of the first set first set points sum suggest that the tightness 

course of the game positively influences demand as the proxy variable for ‘dramatism’ 

had positive impact on both absolute and relative change with the growth of 1% on every 

point scored in first set. This would for example mean, ceteris paribus, that the difference 

in demand gained between the most common score 21:17 and a nice dramatic but not so 

rare 23:21 would be around 6%. 
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Table 4.1.2: Regression Results – Ex-ante Determinants 
 Dependent variable:     

 ln (First set average)     

 (5) (6) (7) (8) (9) (10)  

Odds difference -0.043** -0.048** -0.049** -0.073 -0.075 -0.080  
 (0.018) (0.019) (0.019) (0.050) (0.050) (0.050)  

Odds difference squared    0.004 0.004 0.004  

    (0.006) (0.006) (0.006)  

Seedings sum -0.002   -0.002    
 (0.004)   (0.004)    

Star dummy  0.056   0.053   
  (0.080)   (0.080)   

Lower seeded team   -0.005   -0.005  
   (0.007)   (0.007)  

Morning -0.475*** -0.488*** -0.473*** -0.481*** -0.492*** -0.479***  
 (0.111) (0.111) (0.110) (0.111) (0.112) (0.111)  

Male 0.495*** 0.488*** 0.496*** 0.484*** 0.478*** 0.484***  
 (0.076) (0.076) (0.076) (0.078) (0.078) (0.078) 

Centre court 0.263*** 0.267*** 0.264*** 0.248*** 0.252*** 0.248*** 
 (0.075) (0.075) (0.075) (0.079) (0.079) (0.079) 

Country GER 0.299*** 0.302*** 0.300*** 0.292*** 0.296*** 0.293*** 
 (0.091) (0.090) (0.090) (0.092) (0.091) (0.091) 

Country BRA 0.164** 0.158** 0.158** 0.163** 0.158** 0.157** 
 (0.075) (0.075) (0.075) (0.075) (0.076) (0.075) 

Stage 2 : pool play (losers) -0.160 -0.165 -0.146 -0.170 -0.175 -0.156 
 (0.115) (0.111) (0.117) (0.117) (0.113) (0.118) 

Stage 3 : pool play(winners) 0.226* 0.219* 0.221* 0.227* 0.221* 0.221* 
 (0.119) (0.119) (0.117) (0.119) (0.119) (0.118) 

Stage 4 : first round 0.162 0.155 0.170 0.160 0.154 0.169 
 (0.112) (0.112) (0.112) (0.112) (0.113) (0.113) 

Stage 5 : second round 0.455*** 0.451*** 0.452*** 0.449*** 0.447*** 0.445*** 
 (0.120) (0.118) (0.118) (0.121) (0.119) (0.118) 

Stage 6 : quarter-finals 0.503*** 0.502*** 0.502*** 0.497*** 0.498*** 0.495*** 
 (0.151) (0.146) (0.146) (0.151) (0.147) (0.146) 

Stage 7 : semi-finals 1.278*** 1.261*** 1.271*** 1.271*** 1.258*** 1.263*** 
 (0.209) (0.210) (0.205) (0.210) (0.210) (0.206) 

Stage 8 : bronze medal games 1.043*** 1.016*** 1.037*** 1.044*** 1.021*** 1.037*** 
 (0.264) (0.268) (0.260) (0.265) (0.269) (0.261) 

Stage 9 : finals 1.741*** 1.736*** 1.748*** 1.735*** 1.733*** 1.742*** 
 (0.266) (0.263) (0.260) (0.267) (0.264) (0.261) 

Constant 6.564*** 6.519*** 6.572*** 6.612*** 6.561*** 6.625*** 
 (0.165) (0.116) (0.142) (0.181) (0.137) (0.162) 

Observations 112 112 112 112 112 112 

R2 0.827 0.827 0.828 0.828 0.828 0.828 

Adjusted R2 0.800 0.800 0.801 0.799 0.799 0.799 

Note: *p**p***p<0.01    
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Table 4.1.3 Regression Results – Viewership Dynamics Model 
 Dependent variable: 

 Set 

difference 

Percentual set 

difference 

Set 

difference 
Percentual set difference 

 (11) (12) (13) (14) 

First set points sum 27.174*** 0.010** 28.564*** 0.028** 

 (9.559) (0.004) (9.846) (0.014) 

Odds difference 64.632 0.031 126.752 0.101 

 (143.965) (0.062) (175.438) (0.251) 

Odds difference squared   -3.797 0.001 

   (6.086) (0.009) 

Surprise Dummy 153.522 0.023 167.114* -0.066 

 (96.191) (0.041) (98.944) (0.141) 

Morning 20.715 0.070* 28.640 0.230 

 (96.580) (0.042) (97.734) (0.140) 

Evening 218.538 0.121* 215.553 0.244 

 (156.754) (0.067) (157.356) (0.225) 

Centre court 57.779 0.018 70.522 -0.009 

 (65.387) (0.028) (68.713) (0.098) 

Male 278.206*** -0.016 288.238*** -0.047 

 (71.358) (0.031) (73.382) (0.105) 

Stage 2 : pool play (losers) 18.825 0.069 23.556 0.293** 

 (96.657) (0.042) (97.279) (0.139) 

Stage 3 : pool play (winners) -113.145 -0.094 -112.563 -0.253 

 (155.273) (0.067) (155.799) (0.223) 

Stage 4 : first round 92.830 0.032 91.079 0.045 

 (95.790) (0.041) (96.154) (0.137) 

Stage 5 : second round -90.089 -0.121 -81.658 -0.307 

 (186.645) (0.080) (187.761) (0.268) 

Stage 6 : quarter-finals 516.257*** 0.126** 522.736*** 0.286 

 (124.085) (0.053) (124.936) (0.179) 

Stage 7 : semi-finals 2,040.960*** 0.088 2,036.965*** 0.277 

 (189.306) (0.081) (190.053) (0.272) 

Stage 8 : bronze medal games 1,816.842*** 0.248** 1,820.804*** 0.630* 

 (226.729) (0.098) (227.583) (0.325) 

Stage 9 : finals 3,539.490*** 0.070 3,543.061*** 0.259 

 (271.374) (0.117) (272.350) (0.389) 

Country GER 203.531** 0.047 207.613** 0.236** 

 (79.014) (0.034) (79.550) (0.114) 

Country BRA 169.735** 0.010 171.194** 0.090 

 (68.175) (0.029) (68.445) (0.098) 

Country NOR -4.285 0.005 -13.409 -0.067 

 (172.185) (0.074) (173.383) (0.248) 

Odds difference:Surprise dummy -21.965 -0.005 -27.224 0.020 

 (42.948) (0.018) (43.909) (0.063) 

Odds difference:First set points sum -1.618 -0.001 -2.552 -0.003 

 (4.055) (0.002) (4.335) (0.006) 

Constant -1,077.339*** 0.687*** -1,172.948*** 0.275 

 (365.796) (0.157) (397.734) (0.569) 

Observations 112 112 112 112 

R2 0.891 0.379 0.891 0.355 

Adjusted R2 0.867 0.242 0.866 0.204 

Note:   *p**p***p<0.01  
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4.2  Discussion 

 

Firstly, we focus on the Uncertainty of Outcome Hypothesis and how the uncertainty 

showed to influence demand in our models. After using two different models we found 

strong evidence that the greater the difference between odds, the less attractive a game is 

for fans. This evidence was found in both models, both with outcome variable and 

without. In reality this means that, ceteris paribus, fans want to watch games where the 

probability of one either team winning is close to 50%. The assumption that fans change 

their behaviour as the uncertainty changes was also supported with the Viewership 

dynamics models when we found out that fans are attracted by tighter sets which naturally 

indicate less certain outcome of the game. 

 

When we compare our finding to relevant literature, we can see that our findings about 

UOH are in contradiction with many past studies. It may be explained by the fact that in 

our work we used a specific dataset which allowed us to study the tendencies of a pure 

fan of the sport.  

 

When reviewing this finding from the tournament organizer point of view the increase of 

uncertainty of games seems to be a tool for increasing attractiveness of games. The FIVB 

may consider some rule changes to achieve higher uncertainty of games. Those changes 

may include the freezing point3 or reconsideration of the scoring system of 2 sets up to 

21 points. Such changes would not be unprecedented in beach volleyball as scoring 

system was changed dramatically in beach volleyball in year 20004. Table tennis has done 

a great changed as well in the same year which may work as an inspiration for possible 

changes in beach volleyball as they went from playing a 3 out of 5 matches with 21-point 

sets to a 4 out of 7 matches with 11-point sets. Interesting suggestion for further research 

may be the analysis of the change of uncertainty of outcomes arising from 

abovementioned changes.  

 

 
3 The Freeze rule was introduced in 2017 on the American AVP tour. The Freeze is a rule that comes into 

play only on match points and lasts through the remainder of match points until someone wins the set or 

match. The Freeze means the game turns from rally scoring (there is a point given on every play) to 

sideout scoring (there is only a point given if the team serving plays out and earns a point). 

 
4 The scoring system was changed from sideout scoring, wherein only the serving team can score a point, 

to rally scoring, wherein a point is scored on every serve. 
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According to the results, the standard method of games distribution to courts (especially 

centre court vs. the rest) may be nonoptimal when trying to offer viewers the most 

demanded games with the best possible broadcasting quality. The standard procedure of 

assigning games to centre court starts with home team having the highest priority, which 

corresponds with our findings about strong markets as well as findings from past 

literature. However, the second criterium is based on the best seeded team or a ‘star team’, 

which usually has the most certain match ahead. This is not in line with our findings and 

may be a subject for improvement. However, there may be other variables to considers 

especially with fans attending the event.  

 

Furthermore, the optimal distribution of prize money has been recently discussed in beach 

volleyball with consensus of increasing the amount earned by higher ranked teams and 

decreasing for lower ranked teams. This suggests that the general idea is that star teams 

attract fans and are supposed to be supported more to be able to perform even better. 

However, according to our findings, this may not be optimal as many games would get 

less uncertain and thus become less attractive.  

 

This claim can be further supported by our findings regarding the long-term quality 

impact on demand. The results of first two main models suggest that the long-term quality 

as well as the appearance of star teams does not significantly influence demand for games 

in beach volleyball. However, short-term quality, represented by team’s record during the 

tournament, has showed to play an important part in fan’s decision process. This means 

that beach volleyball fans do not seek to watch games with objectively great teams but 

rather teams that proved to perform good in past games at the specific tournament. 

 

Our findings regarding long-term team quality are in contradiction to findings from team 

sports where long-term quality determinants and appearance of star players have shown 

to drive demand for games. The conclusion from our models is that those determinants 

do not have significant effect on demand. Opposite to this stands the finding that short-

term team quality determinants increase demand greatly. This concludes that beach 

volleyball fans want to watch teams that are on winning streak but do not care (or at least 

do not care enough to change behaviour) about objective quality of the team or whether 

they can be considered ‘stars’. 
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In the theoretical behavioural model in section 5.1, the assumption is that fans have 

different utilities for different outcomes of the game. This theory is based on team sports 

and fans who are supporters of one team. Do fans in individual sports have some outcome 

preferences on average? This question may be answered by results of the Average 

viewership model which suggest that the only significantly different demand is for tight 

wins of the favourite team. This is in line with the reference-based model which assume 

that fans are loss-averse and as they come to watch a game with some expectations, they 

do not want to be negatively surprised, which would point to preference of favourite team 

winning. 

 

From the two possible scenarios of winning, our results suggest that fans prefer a win in 

three sets. This indicates that fans prefer tight games, but this result can be biased because 

tight games are generally longer which gives fans more opportunity to start watching a 

game. Furthermore, the positive effect of ‘tight’ games can be also demonstrated in the 

results of the Viewership dynamics model which suggests that ‘tight’ or ‘dramatic’ course 

of the game attracts more fans. This evidence can be also interpreted, as per Paul & 

Weinbach (2007), like the in-game uncertainty of outcome, i.e. with tighter first set, fans 

are more uncertain about the overall result and are curious about who is gonna win. Thus, 

this gives another evidence on the UOH, only with the determination of the uncertainty 

by progress of the game. 

 

Regarding other determinants used in the models, there seem to be gender differences in 

terms of the demand for games played by men and women. Our results suggest that there 

is higher demand for men beach volleyball. This may be explained by the fact that the 

interaction term male*ranking sum suggest that fans care about long-term team quality 

while other incentives may be behind demand for women beach volleyball5. Furthermore, 

scheduling and broadcasting quality have shown significant positive influence on demand 

in all our models which suggests that tournaments may be better off with having longer 

tournaments but with more games played in prime times (or at least not early mornings 

when there is significantly lower demand) and on courts with better streaming quality. 

  

 
5 This problem was studied in past studies and sometimes called the ‘perv’ effect. (Derriman n.d.) 
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5 Robustness 

In this section we introduce alternative models and present how the results correspond to 

the main models. Subsection 5.1 presents models with a different proxy for uncertainty 

and in subsection 5.2 models with an alternative dataset are introduced. 

 

The results of models are presented only in reduced tabled and full results are included in 

the Appendix. 

 

5.1 Alternative Uncertainty Proxy 

Different proxy variable for the uncertainty of outcome was used for the alternative 

models in this section. In the main models, difference in odds is used and here we test the 

models with different variable favourite probability to test for robustness of the results. 

We derived the probability like shown in section 2.1 and multiply it with 100 to show the 

probability in percentual form. In graph 5.1 we show the relation between the probability 

of favourite team to win and the odds difference. We also include the average viewership 

for first set as size of the bubbles to visualize the trend of UOH. 

 

The odds difference variable was preferred in the main model because of the fact that we 

want to capture the perception of fans as accurately as possible. For instance, the actual 

uncertainty of outcome may not matter at all when fans think differently about the future 

outcome. Because of that we use the odds difference instead of winning probability as 

fans do not observe probabilities directly but rather observe odds. 

 

The alternative variable is only used in the alternative settings models because of its 

nature which indicates that in higher differences between chances of winning, odds 

difference can differentiate better. For example, for games with odds differences of 5 and 

7,5, there is only 5% difference in winning probability, however, 5% difference is also 

between no odds difference and 0,4. This suggests, that if we get significant results 

corresponding to findings in previous models about UOH, it will be even stronger support 

for the hypothesis. 
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Graph 5.1: Odds Difference and Winning Probability 

 

 

The main Average viewership model show similar tendencies to the original one. For the 

favourite probability, the estimate suggests that for each 1% of growth, the demand 

decreases by 1%. When we include the quadratic term, it stays very close to zero with no 

significancy and vanishing the significancy of the linear term as well. This result suggest 

that fans perceive the implied probability linearly. All other variables remain similar 

expect the vector of outcome variables which is not significant for any of the outcomes 

and surprise dummy. 

 

The results of the First set viewership model are comparable to the original. The estimate 

for favourite probability suggesting that with 1% increase in the probability of favourite 

to win, the demand falls by 0,9%. This is another supporting evidence for the Uncertainty 

of outcome hypothesis. In the model where we include the quadratic term for uncertainty, 

we lack significancy like in the original model. 

 

In the third model about viewership dynamics, the results of estimates of the pre-game 

uncertainty proxy from models using the alternative variable remain insignificant. 

However, the estimate of the in-game determinant of uncertainty first set points sum 

holds. 
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Table 5.1: Regression Results – Alternative Uncertainty Proxy 

 Dependent variable: 

 ln (Average 

Viewership) 

ln (First Set 

Average) 
 (1)2 (3)2 (5)2 (8)2 

Favourite winning probability -0.010** 0.009 -0.008** -0.004 
 (0.004) (0.040) (0.003) (0.040) 

Favourite winning probability squared  -0.0001  -0.00003 
  (0.0003)  (0.0003) 

Observations 112 112 112 112 

Adjusted R2 0.822 0.820 0.800 0.798 

Note: Full regression results are included in Table A.2. *p**p***p<0.01 

  

 

To summarize the alternative models, we can say that they support the original models 

except for the vector of outcome variables in the Average viewership model. This further 

support our findings as it suggests that the uncertainty of outcome influence on demand 

is not driven by outliers with great differences in betting odds. 

 

5.2 Alternative Dataset 

To further check for robustness, we use an alternative dataset with no outliers in overall 

average viewership. The outliers were quantified as the 15 highest values and after 

removing them the numbers of observations is reduced to 96. Running main models with 

an alternative dataset can check for whether the results are run by extreme observations 

or not. 

 

For the Average viewership model, the results show similar values to the original model. 

However, we can observe that when using a dataset with no outliers, the introduction of 

quadratic term of uncertainty do not vanish the significancy of the linear term and in 

model 4(2) it even becomes significant itself with positive estimate. This supports our 

interpretation of the original model that with more observations (or better structured) the 

quadratic term would be positive and significant suggesting that the influence of odds 

difference on demand decreases as the difference increases. 

 

In the First set viewership model, results suggest stronger influence of uncertainty. The 

quadratic term behaves similar like in abovementioned models and, in contrast with the 

original models, the significancy of the linear term holds. However, the effect of the 
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participation of Brazilian team gets insignificant which suggests that the relation 

discovered in original models was found because of the number of Brazilian teams 

participating in matches with average viewership outlier values (mostly games form last 

three stages). The long- and short-term determinants for team quality remain similar with 

no significant effect. 

 

Table 5.2: Regression Results – No Outliers Dataset 

 Dependent variable: 

 ln (Average 

Viewership) 
ln (First Set Average) 

 (1) (2) (3) (4) 

Odds difference -0.050** -0.145** -0.046** -0.119** 
 (0.022) (0.057) (0.018) (0.054) 

Odds difference squared  0.012*  0.010 
  (0.007)  (0.007) 

Ranking sum -0.003 -0.004 -0.002 -0.002 
 (0.004) (0.004) (0.004) (0.004) 

Observations 97 97 97 97 

Adjusted R2 0.681 0.676 0.665 0.669 

Note: Full regression results are included in Table A.3. *p**p***p<0.01 

 

The Viewership dynamics models do show different results with the alternative dependent 

variable as the absolute difference variable models become much less relevant and 

adjusted R squared drops significantly. However, for the percentual difference model, the 

results remain similar and the estimate and the significancy of proxy variable for 

‘tightness’ is even increased. This supports evidence from the original model claiming 

that tighter sets are better evaluated by fans. 

 

To summarize findings of the alternative dependent variables models we can say that the 

main model and its ex-ante variation shows similar results with better response for the 

introduction of the quadratic term, supporting the expectation that odds difference 

influence wears off. However, the viewership dynamics model fits the alternative dataset 

worse but still provides evidence on the impact of tight games on demand. 
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Conclusion 

Individual sports have been a minor part of the literature on the Uncertainty of outcome 

hypothesis in the past. However, it is very hard to study the behaviour of pure fans of the 

sport when using data from collective league sports. Thus, the main aim of this thesis was 

to analyse the determinants of demand for beach volleyball in the context of the 

uncertainty of outcome theory, to our knowledge we are the first ones to do this in the 

case of tournament sports and online streaming. The first part of this work described 

relevant literature followed by the description of our data and theoretical model of fans' 

behaviour. In the main part, we used the data to explore determinants of beach volleyball 

demand and its in-game dynamics. We mainly focused on the categories: the uncertainty 

of outcome, the game quality, and outcome. 

 

Concerning the Uncertainty of outcome hypothesis, the results of our main OLS models 

suggest that the average beach volleyball fan prefers games with uncertain outcomes. This 

was supported by models explaining overall demand for a game with ex-ante and in-game 

determinants as well as models explaining the demand for the beginning of the game (pre-

game demand) with ex-ante determinants only. Results of main models showed that with 

an increase of 1 in odds difference, the demand decreases by 5%, or in the case of using 

winning probabilities, an increase of 1% in winning probability of favourite team causes 

a 1% decrease in demand. When we used an alternative dataset with no outliers in the 

average viewership, we observed a non-linear effect of odds difference on demand 

suggesting that the effect wears off as the difference increases. 

 

The viewership dynamics model showed that fans change their behaviour during games 

according to the uncertainty of outcome hypothesis when considering the continuous 

revaluation of the uncertainty. Our results suggest that fans surprisingly do not care for 

surprising results in the first set but value the ‘tightness’ (and the uncertainty it provides) 

of the set with the change between sets being bigger by 1% with every extra point scored 

in the first set. Those findings were further supported with the alternative uncertainty 

proxy and dataset. 

 

The game quality determinants were divided into two categories. The first one being the 

long-term determinants, containing a variety of variables derived from the seedings of 

teams participating. None of the variables showed a significant effect on viewership thus 
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suggesting that beach volleyball fans do not care much for the long-term performance of 

teams. On the other hand, the short-term determinants, which we based on the winning 

record during the tournament, show a great positive effect on viewership. These results 

proved significant across our robustness check and suggest that beach volleyball fans care 

for recent results rather than seeding based on historic results. 

 

The outcome is considered as a part of fans' decision making with fans having different 

receiving different utilities according to the result. However, this applies mostly in 

collective sport and individual sports fans may have a bigger share of pure fans of the 

sport who have same utilities for all outcomes. This claim is supported in our results as 

fans do not show strong preferences for different results. The only exception is the win of 

a favourite which would suggest loss aversion of fans who do not want to get surprised 

but want to be ‘entertained’ with uncertain games’ course. However, those findings are 

not supported in the robustness section. Other determinants were shown to have a 

significant impact on viewership. Men's games showed higher demand. Also scheduling 

and stream quality showed significant effect as morning games were less demanded and 

games with better stream coverage attracted more fans. 

 

The application of the results of this paper may be used by different sport organizing 

institutions. Firstly, the short-term application can be the optimization of the broadcasting 

organization to maximize fans' experience. However, much more interesting may be the 

long-term application in sports development as a whole. As the uncertainty showed to 

play a major part in fans' decision-making, the aim for tour organizers should be to make 

structural changes to further support uncertainty of results. This may be achieved by the 

implementation of new rules of the game such as freezing point or a switch to 3 sets to 15 

points instead of 2 to 21, which may guarantee more time spend with a tight score. Other 

structural changes can be implemented on the competition design. This may also contain 

the optimization of prize money distribution 

 

The results of our paper are specific to beach volleyball and their extension to other 

individual tournament sports is not advised without caution. However, further research 

for other tournament-style sports using data from worldwide market broadcasting 

platforms is recommended to support the uncertainty of outcome hypothesis in individual 

tournament sports. Future research could also take into consideration the overall 

competitive balance in beach volleyball. Moreover, with big structural changes coming 
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in the FIVB Beach volleyball World Tour, we recommend further research to focus on 

the changes in fans' behaviour and its benefits or detriments to the overall popularity of 

beach volleyball. 
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Appendices 

Appendix A1: Regression Results: Average Viewership Model 

 Dependent variable: 

 log(overall_average) 
 (1) (2) (3) (4) 

odds_dif -0.045** -0.051*** -0.072 -0.095* 
 (0.021) (0.019) (0.056) (0.053) 

odds_difSQ   0.003 0.006 
   (0.006) (0.006) 

ranking_sum -0.002 -0.002 -0.002 -0.002 
 (0.004) (0.003) (0.004) (0.004) 

outcome2 0.302**  0.297*  

 (0.151)  (0.152)  

outcome3 0.018  -0.001  

 (0.127)  (0.133)  

outcome4 0.131  0.107  

 (0.143)  (0.150)  

surprise_dummy  -0.018  -0.046 
  (0.105)  (0.110) 

morning -0.426*** -0.447*** -0.433*** -0.458*** 
 (0.108) (0.106) (0.110) (0.107) 

male 0.491*** 0.455*** 0.480*** 0.438*** 
 (0.073) (0.074) (0.076) (0.076) 

C1 0.284*** 0.296*** 0.275*** 0.276*** 
 (0.072) (0.073) (0.075) (0.076) 

GER 0.328*** 0.339*** 0.321*** 0.330*** 
 (0.085) (0.087) (0.087) (0.087) 

BRA 0.205*** 0.187** 0.203*** 0.184** 
 (0.072) (0.075) (0.073) (0.075) 

stage2 -0.108 -0.072 -0.114 -0.079 
 (0.110) (0.113) (0.112) (0.113) 

stage3 0.176 0.217* 0.178 0.217* 
 (0.113) (0.114) (0.114) (0.114) 

stage4 0.146 0.211* 0.144 0.211* 
 (0.107) (0.108) (0.107) (0.108) 

stage5 0.454*** 0.459*** 0.450*** 0.451*** 
 (0.117) (0.115) (0.118) (0.116) 

stage6 0.559*** 0.599*** 0.551*** 0.585*** 
 (0.147) (0.149) (0.148) (0.150) 

stage7 1.330*** 1.363*** 1.332*** 1.363*** 
 (0.203) (0.202) (0.204) (0.202) 

stage8 1.135*** 1.104*** 1.132*** 1.098*** 
 (0.252) (0.257) (0.253) (0.257) 

stage9 1.792*** 1.797*** 1.789*** 1.790*** 
 (0.253) (0.255) (0.254) (0.255) 

odds_dif:outcome2 -0.023  -0.021  

 (0.050)  (0.050)  

odds_dif:outcome3 0.070  0.076  

 (0.047)  (0.049)  

odds_dif:outcome4 -0.044  -0.030  

 (0.072)  (0.077)  

odds_dif:surprise_dummy  0.058  0.072 
  (0.045)  (0.047) 

Constant 6.640*** 6.692*** 6.684*** 6.772*** 
 (0.166) (0.165) (0.187) (0.187) 

Observations 112 112 112 112 

Adjusted R2 0.823 0.815 0.822 0.814 

Note: *p**p***p<0.01 
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Appendix 2.1: Regression Results: Alternative Uncertainty Proxy 

 Dependent variable: 

 log(overall_average) 

 (1) (2) (3) (4) 

F_pr -0.010** -0.010*** 0.009 -0.004 

 (0.004) (0.004) (0.040) (0.041) 

F_prSQ   -0.0001 -0.00004 

   (0.0003) (0.0003) 

ranking_sum -0.003 -0.002 -0.003 -0.002 

 (0.004) (0.004) (0.004) (0.004) 

outcome2 -0.056  -0.075  

 (0.691)  (0.695)  

outcome3 -0.720  -0.703  

 (0.544)  (0.547)  

outcome4 0.012  0.085  

 (0.629)  (0.649)  

surprise_dummy  -0.532  -0.513 

  (0.467)  (0.486) 

morning -0.417*** -0.453*** -0.408*** -0.451*** 

 (0.108) (0.106) (0.110) (0.108) 

male 0.477*** 0.436*** 0.481*** 0.438*** 

 (0.075) (0.075) (0.076) (0.076) 

C1 0.273*** 0.276*** 0.277*** 0.278*** 

 (0.071) (0.071) (0.072) (0.072) 

GER 0.310*** 0.332*** 0.306*** 0.330*** 

 (0.087) (0.087) (0.087) (0.088) 

BRA 0.200*** 0.184** 0.205*** 0.186** 

 (0.072) (0.075) (0.073) (0.076) 

stage2 -0.131 -0.093 -0.128 -0.092 

 (0.110) (0.112) (0.110) (0.113) 

stage3 0.176 0.224* 0.171 0.222* 

 (0.114) (0.113) (0.115) (0.114) 

stage4 0.155 0.211* 0.151 0.209* 

 (0.107) (0.107) (0.108) (0.108) 

stage5 0.427*** 0.446*** 0.421*** 0.445*** 

 (0.120) (0.116) (0.121) (0.117) 

stage6 0.514*** 0.582*** 0.507*** 0.581*** 

 (0.152) (0.151) (0.153) (0.152) 

stage7 1.321*** 1.366*** 1.317*** 1.365*** 

 (0.205) (0.203) (0.206) (0.204) 

stage8 1.094*** 1.094*** 1.099*** 1.096*** 

 (0.255) (0.258) (0.256) (0.260) 

stage9 1.767*** 1.790*** 1.754*** 1.787*** 

 (0.255) (0.254) (0.257) (0.257) 

F_pr:outcome2 0.004  0.005  

 (0.010)  (0.010)  

F_pr:outcome3 0.013  0.013  

 (0.008)  (0.008)  

F_pr:outcome4 0.001  -0.0005  

 (0.009)  (0.010)  

F_pr:surprise_dummy  0.009  0.009 

  (0.007)  (0.007) 

Constant 7.311*** 7.280*** 6.650*** 7.069*** 

 (0.371) (0.334) (1.401) (1.441) 

Observations 112 112 112 112 

R2 0.856 0.843 0.856 0.843 

Adjusted R2 0.822 0.814 0.820 0.812 
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Appendix 2.2: Regression Results: Alternative Uncertainty Proxy 

 Dependent variable: 

 log(first_set_average) 
 (1) (2) (3) (4) (5) (6) 

F_pr -0.008** -0.008** -0.009** -0.004 -0.001 -0.001 
 (0.003) (0.003) (0.003) (0.040) (0.041) (0.040) 

F_prSQ    -0.00003 -0.0001 -0.0001 
    (0.0003) (0.0003) (0.0003) 

ranking_sum -0.002   -0.002   

 (0.004)   (0.004)   

star_dummy  0.046   0.048  

  (0.078)   (0.080)  

seedingMIN   -0.005   -0.005 
   (0.007)   (0.007) 

morning -0.487*** -0.499*** -0.487*** -0.486*** -0.497*** -0.484*** 
 (0.110) (0.111) (0.110) (0.112) (0.113) (0.112) 

male 0.482*** 0.475*** 0.481*** 0.482*** 0.475*** 0.481*** 
 (0.077) (0.077) (0.076) (0.077) (0.077) (0.077) 

C1 0.242*** 0.243*** 0.240*** 0.243*** 0.245*** 0.242*** 
 (0.073) (0.073) (0.073) (0.075) (0.075) (0.075) 

GER 0.296*** 0.299*** 0.297*** 0.295*** 0.297*** 0.295*** 
 (0.091) (0.090) (0.090) (0.092) (0.091) (0.091) 

BRA 0.160** 0.156** 0.154** 0.161** 0.156** 0.155** 
 (0.075) (0.075) (0.075) (0.075) (0.076) (0.076) 

stage2 -0.174 -0.182 -0.163 -0.173 -0.180 -0.160 
 (0.116) (0.112) (0.117) (0.117) (0.113) (0.118) 

stage3 0.234** 0.232** 0.231** 0.232* 0.229* 0.228* 
 (0.118) (0.117) (0.116) (0.119) (0.118) (0.117) 

stage4 0.162 0.158 0.171 0.161 0.156 0.169 
 (0.112) (0.112) (0.112) (0.113) (0.113) (0.113) 

stage5 0.453*** 0.454*** 0.451*** 0.451*** 0.451*** 0.449*** 
 (0.120) (0.118) (0.117) (0.121) (0.119) (0.119) 

stage6 0.503*** 0.509*** 0.505*** 0.502*** 0.505*** 0.501*** 
 (0.150) (0.145) (0.145) (0.152) (0.147) (0.147) 

stage7 1.271*** 1.265*** 1.266*** 1.271*** 1.264*** 1.266*** 
 (0.209) (0.209) (0.205) (0.210) (0.210) (0.206) 

stage8 1.045*** 1.031*** 1.042*** 1.046*** 1.030*** 1.042*** 
 (0.263) (0.266) (0.259) (0.265) (0.268) (0.261) 

stage9 1.740*** 1.745*** 1.751*** 1.738*** 1.739*** 1.746*** 
 (0.265) (0.262) (0.259) (0.267) (0.265) (0.262) 

Constant 7.028*** 7.008*** 7.087*** 6.896*** 6.760*** 6.841*** 
 (0.290) (0.271) (0.306) (1.396) (1.394) (1.387) 

Observations 112 112 112 112 112 112 

R2 0.827 0.828 0.828 0.827 0.828 0.828 

Adjusted R2 0.800 0.801 0.801 0.798 0.799 0.799 

Note: *p**p***p<0.01 
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Appendix 2.3: Regression Results: Alternative Uncertainty Proxy 

 Dependent variable: 

 set_difference perc_set_difference set_difference perc_set_difference 
 (1) (2) (3) (4) 

first_set_sum 24.485*** 0.021** 25.336*** 0.023** 
 (6.227) (0.009) (6.337) (0.009) 

F_pr 1.662 -0.004 -26.405 -0.067 
 (3.298) (0.005) (36.387) (0.052) 

F_prSQ   0.200 0.0005 
   (0.259) (0.0004) 

surprise_dummy 441.168 -0.408 369.389 -0.569 
 (416.772) (0.594) (427.838) (0.606) 

morning 18.154 0.222 8.299 0.200 
 (95.713) (0.136) (96.762) (0.137) 

evening 212.840 0.245 202.363 0.222 
 (155.921) (0.222) (156.845) (0.222) 

C1 60.420 0.001 51.584 -0.019 
 (63.134) (0.090) (64.292) (0.091) 

male 286.346*** -0.053 283.717*** -0.059 
 (71.673) (0.102) (71.909) (0.102) 

stage2 24.213 0.296** 21.040 0.289** 
 (95.823) (0.136) (96.120) (0.136) 

stage3 -110.143 -0.259 -93.697 -0.222 
 (153.794) (0.219) (155.585) (0.221) 

stage4 95.163 0.051 102.579 0.068 
 (94.669) (0.135) (95.357) (0.135) 

stage5 -82.039 -0.331 -64.990 -0.292 
 (186.621) (0.266) (188.319) (0.267) 

stage6 525.753*** 0.258 535.754*** 0.281 
 (124.361) (0.177) (125.300) (0.178) 

stage7 2,040.323*** 0.298 2,049.794*** 0.319 
 (187.643) (0.267) (188.449) (0.267) 

stage8 1,814.400*** 0.578* 1,813.784*** 0.576* 
 (224.432) (0.320) (224.923) (0.319) 

stage9 3,548.963*** 0.248 3,576.575*** 0.310 
 (269.164) (0.383) (272.096) (0.386) 

GER 209.491*** 0.242** 217.337*** 0.259** 
 (78.045) (0.111) (78.869) (0.112) 

BRA 173.348** 0.089 166.572** 0.074 
 (67.267) (0.096) (67.979) (0.096) 

NOR 2.594 -0.051 7.903 -0.040 
 (170.950) (0.244) (171.460) (0.243) 

F_pr:surprise_dummy -4.922 0.006 -3.787 0.008 
 (6.209) (0.009) (6.393) (0.009) 

Constant -1,089.290*** 0.789 -162.769 2.873 
 (391.650) (0.558) (1,258.942) (1.784) 

Observations 112 112 112 112 

R2 0.891 0.356 0.891 0.367 

Adjusted R2 0.868 0.223 0.868 0.228 

Note: *p**p***p<0.01 
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Appendix 3.1: Regression Results: No Outliers Dataset 

 Dependent variable: 

 log(overall_average) 
 (1) (2) (3) (4) 

odds_dif -0.050** -0.053*** -0.136** -0.145** 
 (0.022) (0.020) (0.061) (0.057) 

odds_difSQNO   0.011 0.012* 
   (0.007) (0.007) 

ranking_sumNO -0.003 -0.003 -0.003 -0.004 
 (0.004) (0.004) (0.004) (0.004) 

outcome2 0.249  0.222  

 (0.159)  (0.159)  

outcome3 0.020  -0.045  

 (0.139)  (0.144)  

outcome4 0.099  0.010  

 (0.166)  (0.175)  

surprise_dummy  -0.015  -0.078 
  (0.114)  (0.119) 

morning -0.413*** -0.451*** -0.430*** -0.470*** 
 (0.114) (0.112) (0.114) (0.111) 

male 0.463*** 0.416*** 0.423*** 0.375*** 
 (0.081) (0.081) (0.085) (0.083) 

C1 0.248*** 0.262*** 0.211** 0.214** 
 (0.078) (0.079) (0.082) (0.083) 

GERNO 0.288*** 0.306*** 0.257*** 0.278*** 
 (0.093) (0.093) (0.094) (0.093) 

BRANO 0.160* 0.137 0.145* 0.126 
 (0.085) (0.085) (0.085) (0.085) 

stage2 -0.109 -0.066 -0.128 -0.082 
 (0.116) (0.117) (0.116) (0.116) 

stage3 0.161 0.169 0.163 0.163 
 (0.122) (0.121) (0.121) (0.119) 

stage4 0.157 0.205* 0.152 0.204* 
 (0.109) (0.109) (0.108) (0.108) 

stage5 0.348** 0.339** 0.315** 0.302** 
 (0.132) (0.130) (0.133) (0.130) 

stage6 0.490*** 0.543*** 0.439** 0.487*** 
 (0.165) (0.167) (0.167) (0.168) 

odds_dif:outcome2 -0.019  -0.009  

 (0.051)  (0.051)  

odds_dif:outcome3 0.073  0.092*  

 (0.049)  (0.050)  

odds_dif:outcome4 -0.044  0.0001  

 (0.079)  (0.084)  

odds_dif:surprise_dummy  0.047  0.073 
  (0.048)  (0.049) 

Constant 6.714*** 6.797*** 6.876*** 6.983*** 
 (0.195) (0.191) (0.222) (0.218) 

Observations 97 97 97 97 

R2 0.741 0.717 0.748 0.727 

Adjusted R2 0.681 0.668 0.686 0.676 

Note: *p**p***p<0.01 
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Appendix 3.2: Regression Results: No Outliers Dataset 

 Dependent variable: 
 log(first_set_average) 
 (1) (2) (3) (4) (5) (6) 

odds_dif -0.046** -0.053*** -0.055*** -0.119** -0.123** -0.135** 
 (0.018) (0.019) (0.020) (0.054) (0.053) (0.055) 

odds_difSQNO    0.010 0.009 0.011 
    (0.007) (0.007) (0.007) 

ranking_sumNO -0.002   -0.002   

 (0.004)   (0.004)   

star_dummy  0.106   0.101  

  (0.089)   (0.089)  

seedingMIN   -0.008   -0.010 
   (0.007)   (0.007) 

morning -0.466*** -0.490*** -0.463*** -0.476*** -0.499*** -0.474*** 
 (0.116) (0.117) (0.115) (0.116) (0.117) (0.115) 

male 0.464*** 0.449*** 0.463*** 0.434*** 0.421*** 0.430*** 
 (0.084) (0.085) (0.084) (0.086) (0.087) (0.086) 

C1 0.224*** 0.224*** 0.226*** 0.178** 0.180** 0.178** 
 (0.082) (0.081) (0.081) (0.087) (0.086) (0.086) 

GERNO 0.251** 0.253** 0.251** 0.227** 0.231** 0.225** 
 (0.098) (0.097) (0.097) (0.098) (0.098) (0.097) 

BRANO 0.105 0.087 0.088 0.100 0.084 0.079 
 (0.085) (0.086) (0.086) (0.084) (0.085) (0.085) 

stage2 -0.166 -0.164 -0.135 -0.193 -0.193* -0.160 
 (0.119) (0.113) (0.120) (0.120) (0.114) (0.120) 

stage3 0.219* 0.192 0.202 0.217* 0.194 0.197 
 (0.126) (0.124) (0.122) (0.126) (0.124) (0.121) 

stage4 0.165 0.153 0.178 0.161 0.149 0.174 
 (0.114) (0.114) (0.113) (0.113) (0.113) (0.112) 

stage5 0.328** 0.304** 0.311** 0.298** 0.279** 0.274** 
 (0.136) (0.133) (0.132) (0.137) (0.134) (0.133) 

stage6 0.445*** 0.429** 0.435*** 0.410** 0.399** 0.396** 
 (0.167) (0.164) (0.163) (0.168) (0.164) (0.163) 

Constant 6.626*** 6.582*** 6.670*** 6.753*** 6.696*** 6.814*** 
 (0.190) (0.122) (0.157) (0.208) (0.147) (0.181) 

Observations 97 97 97 97 97 97 

R2 0.707 0.711 0.711 0.714 0.718 0.719 

Adjusted R2 0.665 0.670 0.669 0.669 0.673 0.675 

Note: *p**p***p<0.01 
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Appendix 3.3: Regression Results: No Outliers Dataset 

 Dependent variable: 

 set_difference perc_set_difference set_difference perc_set_difference 
 (1) (2) (3) (4) 

first_set_sumNO 12.983 0.034** 11.656 0.033* 
 (7.865) (0.016) (8.181) (0.017) 

odds_dif -7.764 0.204 -57.542 0.162 
 (110.942) (0.227) (137.326) (0.281) 

odds_difSQNO   2.893 0.002 
   (4.669) (0.010) 

surprise_dummy 73.207 -0.051 62.242 -0.060 
 (73.387) (0.150) (75.769) (0.155) 

morning -36.933 0.205 -42.136 0.200 
 (71.101) (0.145) (71.872) (0.147) 

evening 15.314 0.149 20.565 0.153 
 (129.273) (0.264) (130.057) (0.266) 

C1 48.612 -0.019 37.494 -0.028 
 (50.076) (0.102) (53.379) (0.109) 

male 164.530*** -0.058 155.601*** -0.065 
 (54.580) (0.112) (56.657) (0.116) 

stage2 28.510 0.299** 23.895 0.295** 
 (69.344) (0.142) (70.013) (0.143) 

stage3 -48.442 -0.270 -51.670 -0.273 
 (120.005) (0.245) (120.588) (0.247) 

stage4 88.343 0.014 89.903 0.015 
 (68.512) (0.140) (68.826) (0.141) 

stage5 17.831 -0.227 3.901 -0.239 
 (154.539) (0.316) (156.765) (0.321) 

stage6 417.850*** 0.314 407.807*** 0.306 
 (101.343) (0.207) (103.024) (0.211) 

GERNO 173.617*** 0.275** 168.196*** 0.270** 
 (60.664) (0.124) (61.527) (0.126) 

BRANO 144.855*** 0.161 142.052** 0.159 
 (53.743) (0.110) (54.143) (0.111) 

NORNO 3.795 -0.059 10.672 -0.053 
 (122.397) (0.250) (123.377) (0.253) 

odds_dif:surprise_dummy -9.272 0.008 -5.661 0.011 
 (31.645) (0.065) (32.299) (0.066) 

first_set_sumNO:odds_dif 0.034 -0.006 0.802 -0.005 
 (3.116) (0.006) (3.366) (0.007) 

Constant -401.108 0.044 -315.129 0.116 
 (298.856) (0.611) (330.560) (0.677) 

Observations 97 97 97 97 

R2 0.462 0.364 0.465 0.364 

Adjusted R2 0.346 0.227 0.341 0.218 

Note: *p**p***p<0.01 


