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Abstract

Beach volleyball is éastgrowingmodern sport that is struggling witlopularity despite

being one of the mosittractiveto-watchsports wherdirectly compared to otheeg the

Olympics Thist hesi s st udi es wh awatching professsonafbaacls 6 d e
volleyball. We use vieweship data from YouTube live streaming of FIVB World Tour

eventi 2021 KataraCup. In this thesis we investigatethe effect ofuncertainty of
outcomeand both long and shetgérm determinants of team qualdyn f ans 6. behayv
The uncertainty iproxied by difference in oddghe longterm team quality is dermined

by t doarmamént seedingend shorterm quality by recentvinning record. The

dynamics of fans behaviour according to the progress of the game are alsa $Wedied

are specifically interested in tieffect of ingame uncertainty and surprising results on
demandResults of the work shoewvidence thabeach volleyball fans prefer games with
uncertain outcomegare more about shetdrm team quality than loAgm, andchange

behaviour ingame according to the development of uncertainty.
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Beach volleyball, ViewershjprouTube

Title

Competitive Balance in Individual Sports: An Empirical Evidence of Uncertainty of

Outcome Hypothesis



Abstrakt
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Introduction

Volleyball isone of the mogbopular sports in the worldith over800 million of people
actively playirg (Seminati & Minetti 2013) The modern variationf beach volleyball
hasbeen firstly introduced tmainstream sport fans at the 1996 Olympics iama. The
sportwas increasing its popularity sintteenwith millions ofdollars being earned by the
FIVB World Tour and their playeiis the 00s The spread of beach volleyball wisck,
and it eventuallycaughtup with its big brotherindoor volleybd, and now theFIVB

beach and indoglayersare spread 50:50 the playesbcommission

However, professionddeach volleyball haseached itgolden eraandin thelastdecade
it was struggling with keeping andmonetizing the popularityBeach volleyball is
traditionallyamongthe most demanded spodt the Olympicsand &cording to polls it
is the most exciting one among fafidickey 2016) Still, the financialposition of the
FIVB World Tour is incomparable tother tournamerstyle sports such demis, table

tennis and badmintgmelatively tothe overall popularity.

Realizingthe position, FIVB is trying to rebuilthe World Tour and is coming out with
new ideas on competition design every four yeling nextvariation of the World Tour
is going to start in year 2022 aiitdis supposedo give advantage to the tdpams
participating and to separate a certain number of teams from the gesiramtee the
establishment of many star teams with big éeupport while disregardinthe possible

disadvantagesf ashift in competitive balance.

The objective of thishesisis to examinavh at dri ves fans6 demand
For the pupose ofour paper,we categorizéoeach volleyball as individuaburnament

sport which fits the particular contest designThe main area of focus will be the
Uncertainty of outcom hypothesishenceforth UOHwhich describes the influence of
theuncertainty of rnemking.The UOHha beantargdied bdyanary s i 0 n
past researche with mixedresults Moreover, majorityof studies concentrated on
collective sports. Hase, there is very little evidence from individual spoffie goal of

this study is tdill t wo gagsin the existing literaturenindividual tournamenstyle sports

by an empirical analysis afdatasetollected from a worldwide streaming platforairst,

we aim toanalysethe effect of uncertainty on thadtractiveness of a gamgecond, we

study then-game dynamics of demams resukli of the shift of uncertainty.



To analyse the effect of uncertainty, viewership data on individual sets in the FoviB W
Tour tournament areollected from worldwide frestreaming on YouTubé& his should

allow us to study for the effect on uncertainty while avoiding biases caused by home team
supportersWe use three types of models, one studying what drives the lodenahnd

for a game, second one is focusingwewersip 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 thgaime changes in demamie find
evidence confirmingthe importance ofuncertainty of outcome in all our models,
suggesting that beach volleyball fans care for uncertainty and adjust their behaviour
according to match progredsurthemore, the results of our models are confirnbgd
additionalrobustness models.

The thesisddividedinto 5 chaptersand is structureds follows: Chaptet introduces the

key literatureon competitive balance and uncertainty of outcoméhe firstpart, thekey
studieson competitive balance am@esentedThe second part focuses the inpact of

the uncertainty of outcome and loss aversion f a n s 6 Inlihe last part of the .
chapter, the literature oother determinants influencing demand for sporting events is
reviewed Chapter 3 desdres themethodology In the first partdataset andndividual
variablesareintroduced. Themwve include the methodology and model buildihgthe

4" chapter we present the results of the regression andlisctussion about the
interpretation and possiblesage in practicdn chapter, we add alternative models to
check for robustness and to further support our redudist but not leastConclusion

summarizesesults of our thesis.



1 Literature Review

Existing research on the uncertainty of outcom@ @mpetitive balance can be divided,

as perFort 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 dividéaltwo categories, one studying team
sports and almost exclusiyeleague 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 reskars use for defining attractivity of the
game and the uncertainty 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 viewerslispused the most. The game uncertainty can be
defined either ex aaf with variety of predictive models, or ex post, based on the actual

results.

1.1 CompetitiveBdance

The concept of competitive balanchenceforth CB,has been first described by
Rottenbeg (1956)i n hi s paper fAThe Basebanalttrad®gl ayer s
the attention of economists since then. Rottenlf28%6) 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 prafigr, Walter Nea¢ (1964)

came up with asupportingtheoretical explanation for the attractivity of live sporting
eventsas heintroduced the Loui$Schmeling parado Named after two dominant
heavyweight fighters, the paradox points out that, unlikeomrmal business where firms

would always choose to have a monopoly in given masket,o r t Afirmso ai
oppositelf one of the fighters would haveada monopoly in given weight class etle

would be no fights and thus no profits for théxdeale 1964)

Recent research on league competitive balance mostly focuses on how CB is influenced
by specific structural changes over time rather than comparing diffgreris or leagues

(Fort & Maxcy 20@). There are three main streams of research on this &spjer
Downward et al(2019) First one addresses structural changes in financial regulations
such as budget caps introduced~-lhandrevenuesharing as a regulation device ©B

(Judde et aJ.2013 Peeters2011) The second set of studies focuses is on the effects of

labaur market interventions on CB, such as draft systems, mostly used in North American



professional leagues foreign player restrictions, which is a common pplia stimulate
youth sport development in given countréesl can increaseompetitive balance at the
same time(Fort & Quirk, 1995 Flores et aJ.2010) The third set focuses mainly on
Europearsoccerleagues and their competition formats, studying hisferént formats
shape the competitive balance, such as the transition frefnCat@ a 31-0 point award
system in soccer which negatively affected CB or the usage of quadruplerodimd
tournaments nstead of double which theoretically creates lessetairty in the
championship race, reducing fan interest in the ledgiaeigen 2008 Pawlowski &
Nalbantis 2015)

1.2  Uncertainty of Outcome and Loss Aversion

The uncertainty of outcome hypothesis wiast formulated by Rottenberg (1956) as he
claimed in hibs i gaper 6t h ot GtemgeedandtThio n ,
hypothesiss connected to the competitive balance theory but focusesveancertainty

affects the demand from fans ih@tterm (i.e., individual gamesiowever, researchers
have been struggling to find strong evidence supporting this hypothesis and alternative
explanations have been recently publishexnting out that there &wve notyetbeen any
atempt todeveloped amodel of consumer decision makingCoateset al. (2014)
introduced a behavioural modbhsed on botheferencedependent preferences and
uncertain game outcomeshich allowed for the implementation lafss aversin as a

factor influencing fans behaviouf.h e y s h o lss dversiam &yt the inarginal fan

should result in higher attendance at games with certain outo¢Guwsteset al. 2014)

1.2.1 Uncertainty of Outcome

Most of theresearchvritten on the UOH have not been controlling for fasgrsion. The
literature on UOHcan be divided by the methods used to determine the attractivity
(demand) of the gam@ne set of papetsave been written basing demand on the stadium
attendance whighhowever does not provide a clear evidence for the uncertainty of
outcome hypothesis becausé methodologicalproblems For instance Simmonsand
Buraimo (2008) showed that the uncertainty of outcome Has opposite effect on
stadium attendance in Premier League. This can be explained by the fatadnans
are mainlyfilled with home fans who support their team gqmdferto seehehometeam

win rather than to be stressed about the result. Anotiper paitten on the attendance in

t

h



the NBA determined a probability which maximise the stadium attend&saszher &
Solmes 2007)This optimal probability was estimated to be approximately 0.66, meaning
that fans want theirdme team to have about twice the chance to win a game as the
visiting team, which is in contradiction to the uncertaimf outcome hypothesis.
However, those results show more about how wrong the stadium attendance approach is
in terms of testing the UOK\bovementionednethodological shortcomingse based on

the fact thatwuthors use aggregatatiendance figures, whido not differentiate between
spectatorso types, for i nstance, orbomason

team fans and purg@art fans

As a response to methodological problems with the stadium attendance, more authors
started determining a#ctivity of games with TV viewership. This line of research is
gradually growingalsobecause of the structural change of income in sgstmost of

the income now comes from the TV rights and not from stadium atten({faciteyer et

al. 2018) However, the evidence on UOH is still mixed even with using the viewership
approach. This may be causeddlyermethodologicainaccuraciesOne of the problems

is that many studies have been focused only on the games that weabteddy one

TV channel. This, for example in Premier League, means that only about 25% of the
games have been analysed and those garees predeterminate by the broadcaster to
attract the most viewer¢Rascher & Solmes 2007 However, thanks to modern
technologies (such as DVB2 and live streaming platforfyssome broadcasters are now
able to stream allaynes and researchers can analyse the whole set of games played in

given league.

New technologies allow for evolution research and the possibility to study the effect of
game uncertainty not only on demand for the games in general but also for thécdynam
during games. It has been shown that the viewership in the beginning of NFL games have
been following the sports esomic theories, including UOH, but also that thegame
demand follows the same principles, but the perception of fans changes and they
determine the uncertaingsthe gamerogressefPaul & Weinbach 2007 his approach

has not been yet used in individual sports mostly becazubke lack of data neededlith

TV proxy data it is not easy to capturegame changes of viewershiphus,internet
streaming platforms seem to be the best option for studying such matter.



1.2.2 Betting Odds as an Uncertainty of Outcome Determinant

Many different approaches have bemed 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 actualgeption of fans onhe given game. This leads to a
guestion; how do fans determitiee probabilities of possible outcomes? One group of
researchers tried to determine it by using differences in rankings based on past
performances. Other is using bettiodds to determine the exact probabilities based on

professional estimation by bookkeas.

For instanceKonjer et al.(2017)usedthe difference in tennis ranking (and its square).

Also, Schreyer et al(2018) used this approach with FIFA world rankin@n the one

hand, this may capture the perception of fans well if we asthah&ns 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 diffelégages may appear that cannot

be captured in the difference inrankingssach certain team is playi
hando (winning streak) or certain player

recently.

The betting odds approacian be diviledinto two categories, one studies sports which

do have draws as possibiesults of games arttie other oneports which do nofThe

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

B 000"Y

Where Pstands for probability of favourite or underdog team winning, OB@8ds for

0

the betting odds of the other team winning &, j.

Sports with draws&s an outcombavethreecommonly usedleterminants of UCfirst
one isthe pobability of a draw the seconds simple difference between winning
probabilities and the third one is -salled Theil measure, whicls ibased on the
distribution of all three possibgame outcomes: home win, draw and away(8tchreyer

et al. 2018)In sports with no possibility of a dratle difference between betting odds is
commonly used as a proxy of uncertai(ifpinsky et al. 2013)r'his approach is used in

our study as welkhs theras no possibility of draws in beach volleyball



1.2.3 LossAversion

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 viewer@tigmphrey s & P ®r ez
2019)and even morsignificant resultswith stadium attendandgoateset al. 2014

There is evidencdrom La Liga that TV viewers strongly prefer games with low
uncertainty of outcome and that even after controlling for star players anthpgp TV

audience is higher when home win probapils lower( Hu mp hr eys & P®r ez
has two possible explanations. Either faakie possible upsets a more than tight games,

even though they are less likely to happen, or fans are loss awaréhay want their

exceptions of the result of theame to be fulfilled, thus not being surprised and
disappointed. This is clearly in contrast with literature on U8#blwever, this problem

has not been studiget with data from individual sports.

1.3 Determinants of Viewership

Literaturewritten ondetermnants of sport eventgewership mostly analyse team sports
with league formatsnd has traditionally followed the consurareory model which
specifies five primary categories of determinants dport eventsdemand: economic
factors, quality of the viewig experience, characteristics of the sporting matchup,
consumer preferences and suplginsky et al. 2013Not every categomnattergo this

research but each of thnas addressed and the relation to this researcts@ibded.

The economic factors were proved to have significant impact on de(n@&d r c 2 a &
Rodr 2 g u,dawevrdi®olir)case there is no cost for watching the garmeie Tan
be some expenses found such as costsiferet connection or watching devices but

thoseare marginal andan 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 attendg¢akefield & Sloan 1995)This

does not relate to our study, but theo n s u experigh& can be also influenced by
scheduling of the games. Past researchmastly focusd on characteristics of the days
when games are litand 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 maj holidays, so we do not have to control for tHan the other



hand, our game times differ from early mornings to late nights which could be influencing

the demand.

To characterise the sporting matchup, the dominant factmrsmonly usedare the
uncertanty of outcome and quality of teams. Having th@ tveredn subsection 3.2,1

we focus on the determinamtsn t eams d® qual ity aTheate aret s 6
numerous ways to determine the quality both from steond and longerm point of way.

In case of individual sports, the lotgrm quality @an be quantified by official rankings

and tournament seedin{Schreyer et al. 2018However, the shoiterm quality, which

was proved to have a great positive effect oanance in league spolfisahane &

Shmanske 1997)may not make a good sense in some tournaragié sports. For

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

game is played betwedwo unbeaten players which does not allow fer shoriterm

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

shortterm quality peference as players prolong their winning strealevery stage
(Konjer et al. 2017)In the case FIVB beach volleyball World Tour, the system of
modified pool playsfollowed by single elimination is used, which allows éme loss in

group stage before dropping from tieeirnament. This leads to the opportunity to study
the shorterm quality as the games in pools are played between losers and winners of first

round.

The literature on consumer preferences have found gstexidence o national
identification. Konjer et al. (2017)analysedthe German TV market andhowedthat
matches with German player participation attract up to 50% bigger audiences than
matcheswithout. This implies that while studying viewership on ptaiths available
worldwide, we must control for cotries with major beach volleyball market®ther
factors of consumepreferences are sport specific and imply to team characteristics and
popularity. The superstar effect has been proved many times irelsaguts and the
robust nature of the superstar effect implies thatay be widespread throughout the

sport economy(Humphreys & Johnson 2020YThere is very little evidence on star

! The highest seeded team plays the lowest seeded team in the same pool, while the 2nd highest seeded
team plays th&rd highest seedeteam 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 winnidreadrd ranked tea from the pool phase

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

e



appearance influence from individual sigo The only study written on this tapi
concluded that in the UFGtarpower makes a considerable difference andatidiences
certainly gravitateo events featuring familiar fighter$he aithors also pointedut that
it is in line with findings fromleague sports which claim that the preseotstars is
highly associated with road attendance and thus, demanddierdual sports could
follow same model as per road audieKi€ainsky et al. 2013However no study was
yet conducted in individual sports controlling for l@ssersion/upset preference of fans
and thus describing the lation between star appearance aedferencedependent

preferences.

The last factor mentioned, supply, does play a role in studying Wevship. Common
practice is to broadcast only a selection of games. Thus, fans can only choose from some
predeterming set of games which may cause biases in the analyses using TV proxies
(Schreyer et al. 20187 his problentan bevanished 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.



2 Data

Datacapturing demand for spdmas been a kegroblem 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, th&i# are methoalogical problems. The
inevitable problera of using TV viewership proeisarethat only one market could be
studied, andoroadcasted games are preselected by the proWeey.approach using
internet streaming available worldwide have been firstly use@idnysky et al. (2013)

and ha the potential to elimate such biases

2.1  Daa Collection
In the pursue of quality dataset wanted to have viewership data for an individual sport

from online streaming with minimum country restrictions and no game preselection. We
have narrowed down pabke sources to five major providers in lbhavolleyball and
tennis world (tabl@.1) which fit our requirements\fter 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 becaus of the lack of data collecting. This sheoWwow 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 FIVBhannel during the double gen@®21FIVB World Tour Katara

Cup in Doha.
Table2.1: ApproachedBroadcasters
Broadcaster Outcome
BeachStream.com Not collecting data at all
Amazon Prime/AVP Past data not accessible
ATP TV Not providing data for research
Livesport Too much work to provideequired data
02 TV Sport Too much work to provide required dat

2.2 DataDescription

The primarydatasource of this thesis édataset quantifying dynamic viewership of each
game at Katara Cup joined with datascribingt e ams 6 ¢ h a raate gaene | st i cC

charactestic and actualgame progress Fansd demandtuditdags a a gan

10



dependent variable and viewership is used @soxy of it. The whole tournament has
been livestreamed on YouTube without g@pgraphigestrictions for potential viewers
thus aggregting demand from different markets (disregardingntries with censorship
such as China or DPRK, which were anywayt able to send their players to the
tournament because of the Codlil pandemic). This data was combined with betting
odds from oddsport@om, where odds amllectedfrom different providersand game
characteristics downloaded from the official FIVBorld Tour website. The list of
collected variables showed in table 2.1.

Table2.2.1: List of Collected Variables

Dependent variable®verall AverageFirst Set BeginningSetDifference

Independent Variables

Ex-Ante Characteristics In-Game Characteristics
Team SetUp Outcome
Odds Difference Time Sum ofPoints in Set
Seeding Stage Surprise dummy
Gender Court
Nationality

Jump set dummy

Star dummy

The methodology for collecting viewership data was set as followimgber oflive
viewers of the stream after 2 points played and at the firgicset in each set were
collected This allowsfor analysing the ikgamedetermirants and how theinfluence
gameattractivity. When determining demand for whole game, this methodvalsmizes
the risk ofbiasescaused by unknown shifts in demand at specific tinbeging the
tournament 259 sets in 112 matches were played includihggenders.
Differentdependent varialbddor viewershipare used in this thesis. Tbeerall average
viewershipof all sets is used for the main model. Then,ktéginning of first seis used
the disregard the influence of the actpebgressof the gane and to study the eante
determinants of viewership. Tstudy the effects of irgame dynamics thdifference

between the beginnings of first and secondisetsed.

The vector of team characteristic variables incluggsler nationalityfor countrieswith
high demand for beach volleyball (Germany, USA, Brazil, and Russia are defined as

11



Omaj or maausk af theirdatidnal tours having the highest attendance) and the
jump setfactor which accounts for teams implementing new strategy on rise @h bea
volleyball, which consists of creating new offensive scenarios and is assumed to be more

attractive.

Todef i ne t e amod s seedngakthe tourvamens use(courtteg from the

FIVB Entry Points ranking)From the seeding we derive variablused for individual

games such adummy variablestar for teams seeded in top four spo&rthermore,

seeding characteristicare used including the sum of seedings and the minimum seeding

in each game to evaluateeth gener al 0 g u a | thet appearande oftstare g ar

team.

The vector of evante matckup characteristics ctainstheodds differencavhich is used

as a proxy of uncertainty of outcom@dds were taken from the website oddsportal.com
which collects prior to game betting odds from alailable providers in UK and
calculates simple averages for each ga@eds were collected and used in decimal
versiorf, which isthemost common for European bettimglustryand were used in past

literatureon UOH.

The vector of game specific charactstics includes time when the game starts
represented by the dummy varialh®rning and eveningas scheduling was proved to
have impact on demand in previous literatukéso, stageand court variables were
attached capturing respectively on of thirestages of tournament and one of the 4 courts
used.However, he only difference between courts was that #atre courthad better
stream quality (multi camera angles) than the rest of the courts

The vectoof thein-game variablesontainghe exacscores of all sets. Thesums of each

setsare used aslaetter proxyof dightneséo r 0 d r @fragame than & simple point
difference in each set because ofdp&onto differentiate between games witto-point

difference For instance, a set thahded 28:26 was generaflyt i gohrt edrmdbor e dr a ma
than a 21:19 set even though the poinfedé#nce is the sam&ummy variable for

surpriseassigns 1 if an underdog won the first and 0 if opposite

2The decimal odds are defined asto of the payout amount, including the original stake, to the stake
itself.
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Also, the final score isincluded as a categoricalariable outcomewith four different
possible outcomes from the favourite perspective beingreitimeor loss and either in

two or three sets.

Thestatisticalsummary for variables used is presented in tAl3e&.

Table2.2.2. Summaryof Collected Vaiables

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

Variables

Overall Average 1121,640.61.1,582.40(230.75( 823.229 1,770.18(10,751.75!
Set Difference 112 499.491 763.930 -228 1255 465.2 4,553
Beginning of First
Set

Beginning of
Second Set

First Set Average 1121,377.29'1,270.13:181.00( 695.750 1,536.37! 8,975.00C

Second Set
Average

Third Set Average 35 2,104.57:1,713.44:463.50(1,166.00(2,279.25(10,435.00!

1121,118.07: 945.264 110 569.2 1,266.5 6,739

1121,617.56:1,637.53( 248 780 1,827.5 11,292

1121,778.85:1,821.20t 264 8325 1,960.6 12,528

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 1991 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 sulsectionwe will describe theoretical background behind the econometrical
models andn the second | will introduce three maoonometricainodels.

3.1 Theoretical Model

Firstly, we will introducea behaviouralmo d e | for f ansderivadlasai si on
variation of the one used Iyoates et al. (20149r home stadium attlance The model

is based on referenaependent prefences to capture the influences of relation between

the actual game outcome and the expectation ofctimsumerprior to the game.

Consumes receive two types of utility after making a decisiorwatch agiven game,

those being the standard consumptidlityta n d t hleo figgautni | i t yo whi
the expectation of the costumer (reference point) to the actual outcome of thé&fiame.
evaluating this aggregated utility, costumer can compare it ésexvation utitlity and

watch the game if it excds it.

The model is developed including only two possible outcomes of the, gdnah is
standard for individual sporta win or a loss. Binary variabke= 1 represents a win and
x = 0 stands for a loss. The teamsassigned to be either favoertr an underdog
according to the betting odds from which a win probability can be derivedmodel is
based on the perspective of the favourite tearh p¥itbeing the probability of the
favourite to win seen from the perspectivdafsand thusE(x = 1) = p". The
consumption utiliesfor a win and a losarerespectivellyU" andU" and and act of
watching a game generates aggregated utility

It is assumed that both the positresultmarginal impact and the negativeesult

are greater than 0fi Tt The aggregated utilities can be described by following

equations andra visualizedn graph 3.11.

~.

Y Y 1 p o
% Yoo mon
From this, an expected cust ome nywinp® i | ity

and a probability of loss (iLp").
oY n 27 p Nz
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Graph3.1.1: Utilities of Fans(Coateset al. 2014)
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This can be further transformed into a quadratic functign¥ofn graph 3.2.2 we show

of such caséor the typicaluncertainty seeking fan.
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From this equation we cansbeibe special case thstmore 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 (resultahdgainloss utility does not influence his

consumer utilitySuch consumer should decide wiegtto watch a game only based on
characteristics that are not in relation with outcome such as overall game, quality

dramatismand steduling(Coateset al. 2014)

3.2 EconometricaModels

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

is a general model explaining what drives overall demand for beach volleyball games
with both exante and irganme variables used his model should cover fdmoth the fans
preferences of game characteristics and their prefesgegarding the actual course of
the game Second modetovess the exante determinants and their influencestbe
overalldemandor the game, to test for robustness, also first set viewership is used as a
dependent variabl@ his model should provide ¢hbest evidence on the UOFhe third
model describes the consumers behaviour during a gaisiasisg as dependent variable
the differencan the number of fans between first and second set. For this ntloeel,
characteristics of the first set are useddetermine what drives fans interaghile
watching a gamd-orall models the standard OLS regressiith quadratic ternis used

to estmateas it was a standard tool in the previous research on the Uncertainty of
OutcomeHypothesigSchreyer et al. 28, Coateset al. 2014Caruso et al. 201 %orrest

& Simmons 2002)

3.2.1 AverageViewershipModel

In the average viewershimodel, the intentio is to showthe proportionin which the
three main parametengncertainty, game quality and outconm&luence demand for a
game.The modekan be described by the following equatsrd is furtheexplainedin

this subsection.
I BoQi QMDY | 1 0 QMMQQQQI NI QORI Q¢ 0OQ

I YQQ@QEYOETTQ €1 £ QFQOaQ YO OQQS Qe @Ri61 O
0G0 QEE GUEETQUQAQQ WiH® N Q
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The uncertainty of outcome is represented/agableodds differencen a way that the

bigger the difference is, the smaller the uncertaintylnsthe original hypothesis
constructed by Rottenbergregiter uncertainty should increase dem#@Rdttenberg

1956) Even though the evidence literature is mixed, we expect the uncertainty of
outcome to influence the viewership positively as our dataset includes demand from
multiple marketsand fans are expected to behave as pure fans of the game on average.
The squared variabtef Odds diffeenceis also included as it is shown in the behavioural
model that the demand function is quadratic. According to the theoretical ,maxlel

expect the influence of uncertainty to decreasb@®dds differencgrows

A variablederived from seedgsis used to stand for game qualégdis represented with
variableSeedinglt is defined as aum oft e a seesdings, which have been ds&s a
proxy for objective quality in past studi€Schreyer et al. 2018)

Final sore containing sets only is used as a factor vartalbd¢and for outcomémodel

1) which accounts not onffpr which team have won but al$or whether a deciding set
had to be playedurprise dummywhich represent whether an underdog won first set, i
thenused as a different version of outcome praxypgursue ofimproving the model
(model 2)

Additional variables are used to improvieet model Stagevariable account$or the
progress of the tournamewith factor variablestanding forrounds of the tournament
Those stages are divided betwaradified pool play and plagffs. There is also an
opportunity to study for differences in shterm game quality (opposite to lobgrm
mentioned aboverhich is determined by seeds)gin the group stagand finals losers
and winners from firspool games play eacbtherand after semifinals, winners and
losersalso match This approach of usg recentgames wasisedin past studies to
determine team qualifkahane & Shmanske 1997his allows for comparison between

how fans evaluat®ng-term and shofterm team qualitgleterminants.

In this particulartourrament,centrecourt have had bettestream quality with multiple
camera angles then the other couftsis requires for using a dummy varialdentre
coutand all ows for studying the eMHéwewrt of

potential biases ay occur as organizers choose whgaimes in each round will be played
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on centre courln this selecton, organizers preferréddo me t e ams , ,bdtdsot mat

random selection has been used.

FIVB Beach Volleyball World Tour takes pride in the facttbeach volleyball was the
first sport to have equaled prize money for women and men categories. However,
gender stereotypes in beach volleyha#ire still proven duringTV broadcastingwvith
sexistic tendenciesf cameramen and directors and this iskage not beempenly
addressed singBissell & Duke 2007)According to widely spread stereotype, women
beach volleyball games are attracting more attentiom fans. Because of that we
include the variablenaleto study he difference between demand forle@enderThe

dummy variablgumpset s not included in the model du

I n vast majority of past studies, patri ot |
and thus we include a vector of dumrariables accounting for major lwavolleyball
marketg(Konjer et al. 2017)

In the model, wealso let the variablesodds differenceand scoreinteractto improve
explanatory power of the model as fans may value outcliffeeently according to pre

game expectations.

3.2.2  First SetViewershipModel with Ex-ante Determinants

I TOQIIimQQU@MRil 1 0 QMQQAQI NEIHO®OQQQQI Q¢ ©'Q
FYQQQQE MET € QEQODNDAQ YO OQQO Qe GRi6 1 o

0 wo Q¢ & wa QO w

In the modeldescribed by the equation abptee outcome of the gamedsopped.and
demandfor first setis studied. With only exantedeterminants 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 emarsdlows to studizowthe

uncertainty of outcome and team qualiypacton demand.
Same variables as in the first model are used except for the out@srable being

dropped. However, different approacheswsed for robustness in determinithg long

t er m t e g,mepréserged hylvector of variables Thesum of seedings used in
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the literature buthis approachmay haveits shortcoming when trying to differentiate

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

instance, this approach rates a game betweenerutdband 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 variablesarent r oduc ed as dity. phose xayiablesf t e a't
are theminimum seedingwhich stands fothe best seeded team from each game. This
variable should capture the pafegmandhamndf an
do not careboutwho will be standing on the other side loéthet. Alspthe star dummy

is included, standingpr first 4 ttams seeded in tournamemnhis variable shouldtand

for the idea that fans care mostly about ¢

3.2.3 ViewershipDynamicsModel

The viewership dynamics model intends to explhat drivesconsumes 6 behavi ou
during a game and what caus#snges in viewership betwetre first andthe second

set The model can be described thwe following equation.

1 TYQOQQQQI Q& GQOQITiMhoo a I 0 QMQQQQI Q& O®Q
I 0 QM@MQQQQI QS NIQRGEAW 041 &R QOAQ
I YO 006 QEIGRIO | § 00 QEE Da QO W
I OQIiod 6 QMMQQQQI QE OGQ
Y01 HIQRIEA ) QUQQQQI Q¢ 0Q

As a dependent variablee use twodifferent variablegor robustnesslerived from the
difference betweethe first andthe second setFirst one,set differenceis 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 absoleteddé gpercentage
differenceis derived and used as a second dependarableto controlfor correlation

with the overall demand for a game.

The first explanatory variable is describing ttightnes$or dramatisndof the first set.
We use a proxiirst set sunto stand for thisnddefineit as the sum of all pointcored
in first set. This should account for how close the setasasgell adifferentiate between
results withtwo-pointdifferences as we suppose that fans evaluséscore 28:26nore
dramatic than 21:19 even though gwent difference is the saméhe £condexplanatory
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dummy variable that describes first set sugprise dummwhich accountdor whether

the result of first set was anticipated or not.

Additional variables which were used in previous two modedge used to capture their
influence on dynamics of demand. Those bemalgls differenceand odds difference

squaredfactor variablestageand dummy variablesentre courtmorningandmale

It is expected that surpriséit fans different according to pgame expectations as well
as tightness of the game may affect demand differently according-gapre odds so

two interactive variables are included fodds differencavith surprise dummyandfirst

set sum
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4 Results

This section is dividethto two main subsectiontn the first subsection, the results for
the abovementioned models are presergnd in subsection4.2, these results are
discussed.

4.1.1 AverageViewershipModel RegressionResults

In table4.1.1, the resuk of the average viewership models described in setidi are
shown. Firstly, we used the model with standard avevagyeership,but the Breusch
Pagan test rejected the null hypothesis of homoskedasticity with-l@lup. Thus, the
logarithmic formof average viewershiisused,and it also fits betteior modes 1 and 2.
Not all variables were found statisticabygnificant,but we include all of them in the
table.

In the three main categories of explanatory variables in this modetitainty, gality,
outcome, the most straightforward and significant results appeared for the uncertainty of
outcome proxydds differenceThe resultsuggesthat the increase of difference by one
decreases the average viewership by around 5péatitice, this pproximately 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% l&sss than whenalvourite has a winning
chance of 60%. This is strongly supporting the uncertainty of outcome hypothesis.
However, when the quadratiermis introduced, the significancy of the negative impact
declines, but still stays significant in modelThe estimatef odds difference squaresl
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,athwould mean tt 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 longterm quality of teamsseeding supdoes not significantly affect
thedemand as opposed to evidence from collective spdotsever,if we interpret the

stage of the tournament as a stiertn quality indicator because in each round the number
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of consecutive wis each team hascreases. Then, the team quality influences demand
significantly. Interesting differences can be found in comparison between same rounds
but with different recorslin previous games. In the group stage, second games are played
between losrs and winnergom 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 tournameRurthermore, from thdirst round of playoff
demandgradually increses until the finals with only exception being the bronze medal
game which has demand even lower than the-§eals. This is evidenceuggestshat

fans value shotterm team qualityather tharof long-term.

The outcome variable showstnificantly hgher 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 threg betsvant the favourite to win. This points

to fansbeang loss aware in tems of their expectations.e., they do not wanto be
surprised. Thiss then not contradictelly model 2vhere the surprise dummy variable of

underdog winning first set does not have significant impacemand.

Additional explanatory ariables show tiit 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 viewrs and morningiames had demand lower by 43Bfom countries
dummy variables, only Germany and Brazil had significantly higher demand for their

games by respectively 33% and 21%.
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Table4.1.1: Regression ResultsAverage Viewership Model

Dependent variable:

In (Avaage 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 : quartefinals 0.559™ 0.599" 0.551" 0.585™
(0.147) (0.149) (0.148)  (0.150)
Stage 7 : serfinals 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
R? 0.857 0.843 0.857 0.844
Adjusted R 0.823 0.815 0.822 0.814
NoteFull regressia results are included in Table 0" p™ p<0.01

A.l.
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4.1.2 First St ViewershipModel RegressionResults

The regression results for-exte demand models 6 and Avhich use first set average
viewership as dependent variable are shown in #4ll®. Those models had similar
results inBreuschPagan tedib models 1 and 2. Thus, we also used logarithmicevaiu

first set average to improve the model.

The esultsshow similar prove to models 1 and 2 as odds difference has significantly
negative impactimdemand between 4,5 ant5This is even stronger evidence on the
uncertainty of outcome hypothesis as the dependent variable is not influenced by in
game eventsFurthermore, none of the lorigrm quality determinants proved any
influence on demand weh 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 ViewershipDynamics Model RegressionResults

The model of demand dynamics uses differences between firstemaomd set as a
dependent variable. Th&8reuschPagan testdid not reject null hypothesis of
homoskedasticityModel 6 uses absolute values of set difference warelnfluenced by
the overall demand and has highesdriared thanks to using variables whexplain also
overall demand, model 7 uses percentual change with lovsguRred but still some

significant results.

The results presented in table 4.1.3 sugge
by the result of first set asurprise durmyhas significant effect on viewership change in
model 13 but the evidence is not very strong as other models showigdepbat

insignificant results.

The results of the characteristic of the firstfgst set points sursuggest that the tightness
course of the game positively influences d
had positive impact on both absolated relative change with the growth of 1% on every

point scored in first set. This would for example mean, ceteris paribus, th#fehende

in demand gained between the most common scol& 2hd a nice dramatic but not so

rare 2321 would be aroun@%.
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Table4.1.2 Regression ResulisEx-anteDeterminants

Dependent variable:

In (First set averagpe

(5) (6) (1) (8) ) (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" 0.48™ 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" 0.202" 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) (0.12) (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 : quarteinals 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 : serdinals 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 game 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) (0.11§ (0.142) (0.181) (0.137) (0.162)
Observations 112 112 112 112 112 112
R? 0.827 0.827 0.828 0.828 0.828 0.828
Adjusted R 0.800 0.800 0.801 0.799 0.799 0.799
Note: P pT p<0.01
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Table4.1.3 Regression ResultsvViewershipDynamicsModel

Dependentariable:
. Set Percentual set . Set Percentual set differenc
difference difference 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 (logrs) 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 : quartefinals 516.257" 0.126" 522.736" 0.286
(124.085) (0.053) (124.936) (0.179)
Stage 7 : serinals 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" 1,820.80%" 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 203.53" 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 differencgirst 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
R? 0.891 0.379 0.891 0.355
Adjusted R 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 mad@lfter 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 modet®th with outcome variable and
without. In reality this means that,eteris paribus, fans want to watch games whieze
probability of one either team winning is close to 50%e assumption that fans change

thar behaviour as theincertaintychange was also supported witthe Viewership
dynamics models when we found duait fansare 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 explaydoelfact that in
our work we used a specific dataset which allowed us to study the tendenziparef

fan of the sport.

When reviewing this finding from the tournament organizer point of #@wncrease of
uncertainty of games seems toab®ol fa increasing attractiveness of gamEse FIVB

may consider some rule changes to achieve highartamtty of gamesThose changes
may includethe freezing poiritor reconsideration of the scoring system of 2 sets up to
21 points.Such changes would notlunprecedented in beach volleybalt scoring
system was changedamatically in beach volleybat year 2006, Table tennis hagone

a great changeds well inthe same yeawhich maywork as an inspiration for possible
changes in beach volleyball agyhwent from playin@ 3 out of 5 mataswith 21-point
setsto a 4 out of 7 mataswith 11-pointsets Interesting suggestion for further research
may be theanalysis of the change of uncertainty of outcomes arising from

abovementionedhanges.

3 The Freeze rule was inttaced in 2017 orhe 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 gipainon every p@ly) to

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

4The scoring system was changed from sideout scoring, wherein only the serving team can score a point,
to rally scoring, wherein a paii is scored on ery serve
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According to the resultghe standard method of games distribution to courts (especially

centre court vs. the resthay be noroptimal when trying tooffer viewers the most

demanded games with thest possible broadcasting qualitihe standarg@rocedureof

assigning gamesotcentre courstartswith home team having the highest priority, which
corresponds with our findings about strong markatswell as findings fronpast

literature. However, the second criterium is based on the best seededteana aongét ar t ¢
which usually has the most cairt match ahead. This is not in line with our findiagsl

may be a subject for improvemertowever there may be other variables to considers

especially with fans attending the event

Furthermore, the optimal disttbion of prize money has beeecently 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 [gposed to be supported mdmebe able to perform even better.
However, according to our findings, this may not be optimal as many games would get
less uncertain and thbgcomdess attractive.

This claim can bdurther supported by our findings regandi the longterm quality

impacton demand. The results of first two main models suggest that théslongjuality

as well as the appearance of star teams does not significantly influence dengamies

in beach volleyballHowever, shorterm quality,e pr es ent ed bdyringtea més r
tournament, has showed to play Thiemeamport al
that beach volleyball fans do not seek to watch games with objectively great teams but

rather teams that proved to perform goog@ast games at the specifamrnament.

Our findings regarding lonterm team quality are in contradiction to findirfgem team

sports where longerm quality determinants and appearance of star players have shown
to drive demand for games. The conclasitom our models is that dlse 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 tlaa¢ on winning streak bubdot care (or at least

do not care enough to change behaviour) about objective quality of the team or whether
they can be considered O0starso.
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In the theoretical behavioural model in section 5.1, absumption is that fans hav
different utilities for diferent outcomes of the game. Thi®ory is based on team sports

and fans who are supporters of one team. Do fans in individual sports have some outcome
preferences on averg@dhis question may be answered by results of therdge
viewership model wich suggest thahe only significantly different demand is for tight

wins of the favourite team. This is in line with the referebased model which assume

that fans are losaverse and as they come to watch a game with soneetaxipns, they

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

winning.

From the two possible scenarios of winningr results sggesthatfans prefer a win in

three setsThisindicateghat fans prefer tigigames, 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
results of he Viewership dynamicsodel whichs uggest s t hat o6tight 6
of the game attracts more fans. This evidence can be also interpreted,Railp&r
Weinbach (2007), like the igame uncertainty of outcome, i.e. with tighter first set, fans

are more uncertain abotlte 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 motieseseem to be gender diffences in

terms of the demand for games played by men and wdhemesults suggest thttere

is higher demand for men beach volleybalis may be explained by the fact that the
interaction termmalée‘ranking sumsuggest thatans care about lorterm eam quality

while other incentives may be behind demand for women beach volfeyathermore
scheduling and broadcasting quality have shown significant positive influence on demand
in all our models which suggests that toureats may be better off i 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.

SThis problem was studied in past (Betrimahing)s and some:
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5 Robustness

In this sectionwe introducealternative modeland pesenthow the results correspond to
the main modelsSubsectiorb.1 presents models wita different proxy for uncertainty

andin subsectiorb.2 models witranalternativedatasetre introduced

The results of modebse presented only ireduced tablednd full resultsareincludedin

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 variabl&avourite probabilityto test for robustness tlie results.

We derived the probability like shown in sectidt and multiply it with 100 to show the
probability in percentual formn graph5.1 we show the relation betwetire probability

of favourite team to win and the odds differend& also inclde the average viewership

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

The odds differenceariablewaspreferred in the main model because of thetfzatt we
want tocapture the perceptiarf fansas accurately as possibkor instancethe actual
uncertainty of outcommaynot matter at all when fans thikfferently about thdéuture
outcome Because of that we use the odds difference insteadnofng probability as

fansdo not observe probabilities directly but rather obsends.

The alternative variable is only used in the alternative settings models because of its
nature which indicates that in higher differences between chances of winndg, od
difference can differentiate better. For example, for games with odds ddésref 5 and

7,5, there is only % difference in winning probability, however%odifference is also
between no odds difference and 0,4. This suggests, that if we get signiésults
corresponding to findings in previous models about UOH, it wilMe® stronger support

for the hypothesis.
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Graph 5.1 0dds Difference and Winning Probability
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The main Average viewership model show similar tendencies to the ongiador the
favourite probability, the estimate suggests that for each 1%grofvth, the demand
decreases by 1%. When we include the quadratic term, it stays very close to zero with no
significancyand vanishing the significancy of the linear term as wdlis flesult suggest

that fans perceive thinplied 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 viewershipdel arecomparable to the original. The estimate

for favourite probalility suggesting that with 1% increase in the probability of favourite
to win, the demand falls by 0,9%his is another supporting evidence for the Uncertainty
of outcome hypothesifn the model where we include the quadratic term for uncertainty,

we lack significancylike in the original model

In the third model about viewership dynamics, the results of estimates of tgarmee
uncertainty proxy from models using the alternativaiable remain insignificant.
However, the estimate of the-game deteminant of uncertaintyfirst set points sum
holds.
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Table5.1: Regression ResulisAlternative UncertaintyProxy
Dependent variable:

In (Average In (First Set
Viewership Averagg
(1) (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)
Favouritewinning probability squared -0.0001 -0.00003
(0.0003) (0.0003)
Observations 112 112 112 112
Adjusted R 0.822 0.820 0800 0.798
Note: Full regression results arimcluded in TableA.2. P p™ p<0.01

To summarize the alternative models, we can saythiegt support the original models
except for the vector of outcome variables in the Average viewership modefuithes
support our findings as it suggests that the uncertainty of outcome influence on demand

is not driven by outliers with gredtfferenes in betting odds

5.2 Alternative Dataset

To further check for robustness, we use an alternative dataset witilieosan overall
average viewershipThe outliers were quantified as thé highest values and after
removing them the numbers of observasisreduced to 96. Running main models with
an alternative dataset can check for whether the results are axtresne observations

or not.

For the Average viewership model, the ressiftow similar values to the original model.
However, we camwmbserve that when using a dataset with no outliers, the introduction of
guadratic term of uncertainty do not vanish tignisicancy of the linear term and in
model 4p) it even becomes significant itself with positive estimate. This supports our
interpretatiorof the original model that with more observations (or better structured) the
guadratic term would be positive anidrsficant suggesting that the influencé adds

difference on demand decreases as the difference increases.
In the First seviewershipmodel, results suggestronger influence of uncertainty. The
quadratic term behaves similar like in abovementionedatscand, in contrast with the

original models, thesignificancy 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 ofntiraberof Brazilian teams
participating in matchewith average viewership outlier values (mostly games form last
three stagesYhelong and shortermdeterminants for team qualitgmain similar with

no significant effect.

Tableb5.2: Regression Restsli No Outliers Dataset

Dependenvariable:

\I;:é\f\\/\é?srﬂ?pe In (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 R 0.681 0.676 0.665 0.669
Note:Full regression results are included in TablSA. P p” p<0.01

The Viewership dynamics ndels a show differentesults with the alternative dependent
variable as the absolute difference variable models become much less raledant
adjusted R squared drops significanthpwever, for the percentual difference motiss,
results remain similaand the estimate andhie significancy of proxy variable for

0t i gh tevemincseésedi This supports evidence from the original model claiming

that tighter sets are better evaluated by fans.

To summarize findings of the alternative dependent vasahtedels we can say tithe

main model ad its exante 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 dynamicslel fits the alterative dataset

worsebut 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 verychep study the behaviour of pure fans of the
sport when using data from collective league sports. Thus, the main this thiesis was

to analyse the determinants of demand for beach volleyball in the context of the
uncertainty of outcome theory, to ckmowledge we are the first ones to do this in the
case of tournament sports and online streaming. The first part oivdinksdescribed
relevant literature followed by the description of our data and theoretical model of fans'
behaviour. In the main paxtie used the data to explore determinants of beach volleyball
demand and its igame dynamics. We mainly focused on theegaries: the uncertainty

of outcome, the game quality, and outcome.

Concerning the Uncertainty of outcome hypothesis, the resuttisrahain OLS models
suggest that the average beach volleyball fan prefers games with uncertain outcomes. This
was suppoed by models explaining overall demand for a game wiarg® and irgame
determinants as well as models explaining the demand fbethiening of the game (pre

game demand) with eante determinants only. Results of main models showed that with

an incrase of 1 in odds difference, the demand decreases by 5%, or in the case of using
winning probabilities, an increase of 1% in winninglmability of favairite team causes

a 1% decrease in demand. When we used an alternative dataset with no outliers in the
average viewership, we observed a tioear effect of odds difference on demand

suggesting that the effect wears off as the differeamreases.

The viewership dynamics model showed that fans change their behaviour during games
according to the uncertdin of outcome hypothesis when considering the continuous
revaluation of the uncertainty. Our results suggest that fans surprisinglyt @are for
surprising results in the first set but ve
of the set Wwh the change between sets being bigger by 1% with every extra point scored

in the first set. Those findings were further supportetth the alternative uncertainty

proxy and dataset.
The game quality determinants were divided into two categories. fEheftie being the

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

teams participating. None difé variables showed a significant effect on viewership thus
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suggesting that beach volleyball fans do not care muchddoftigterm performance of
teams. On the other hand, the sHertn determinants, which we based on the winning
record during the touement, show a great positive effect on viewership. These results
proved significant across our robustness check and sutlge beach volleyball fans care

for recent results rather than seeding based on historic results.

The outcome is considered as atud fans' decision making with fans having different
receiving different utilities according to the result. Howeveis tpplies mostly in

collective sport and individual sports fans may have a bigger share of pure fans of the
sport who have same utiés for all outcomes. This claim is supported in our results as

fans do not show strong preferences for different restitis only exceptiors thewin of

a favourite which would suggest loss aversion of fans who do not want to get surprised
butwanttobe &éentertaineddé with uncertain game:
not supported in the robustness section.eOttleterminants were shown to have a
significant impact on viewership. Men's games showed higher demand. Also scheduling

and stream quali showed significant effect as morning games were less demanded and

games with better stream coverage attracted namie f

The application of the results of this paper may be used by different sport organizing
institutions. Firstly, the sheterm appli@ation can be the optimization of the broadcasting
organization to maximize fans' experience. However, much more itmegresay be the
long-term application in sports development as a whole. As the uncertainty showed to
play a major part in fans' decisiomaking, the aim for tour organizers should be to make
structural changes to further support uncertainty of results. by 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 2t21, which may guarantee more time spend with a tight score. Other
structural changes can be implemented on the catmpatesign. This may also contain

the optimization of prize money distribution

The results of our paper are specific to beach volleyral their extension to other
individual tournament sports is not advised without caution. However, further research
for other tournamerdtyle sports using data from worldwide market broadcasting
platforms is recommended to support the uncertainty tabowe hypothesis in individual
tournament sports. Future research could also take into consideration the overall

compeitive balance in beach volleyball. Moreover, with big structural changes coming
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in the FIVB Beach volleyball World Tour, we recommendtier 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 Al:Regression Railts: 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 0144 0.211
(0.107) (0.108) (0.107) (0.108)
stageb 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)
stage? 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 R 0.823 0.815 0.822 0.814
Note: p”p™ p<0.01
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Appendix 21: Regression Results: Alternative Uncertainty Proxy

Dependent variable:

log(overall_average)

(€] 2 (©)] @

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

(0.62) (0.649)
surprise_dummy -0.5632 -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)
stageb 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) (0.259 (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
R? 0.856 0.843 0.856 0.843
Adjusted R 0.822 0.814 0.820 0.812
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Appendix 2.2 Regression Results: Alternative Uncertainty Proxy

Dependenvariable:

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™
(0.09)) (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)
stage? -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" 0.237 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)
stageb5 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)
stage? 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
R? 0.827 0.828 0.828 0.827 0.828 0.828
Adjusted R 0.800 0.801 0.801 0.798 0.799 0.799
Note: P p™ p<0.01
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Appendk 2.3: Regression Results: Alternative Uncertainty Proxy

Dependent variable:

set_difference

perc_set_difference

set_difference

perc_set_difference

) ) 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 1,813.78%4" 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
R? 0.891 0.356 0.891 0.367
Adjusted R 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) (0.1112)
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 -0.08
(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
R? 0.741 0.717 0.748 0.727
Adjusted R 0.681 0.668 0.686 0.676
Note: p"p™ p<0.01
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Appendix 3.2: RegressioneRults: NoOutliers 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_sumNC -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" 0.4307
(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)
stage?2 -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° 0.299 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
R? 0.707 0.711 0.711 0.714 0.718 0.719
Adjusted R 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 Outlidpataset

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) (0.1412)
stageb 17.831 -0.227 3.901 -0.239
(154.539) (0.316) (156.765) (0.321)
stage6 417.850” 0.314 407807 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_di 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
R? 0.462 0.364 0.465 0.364
Adjusted R 0.346 0.227 0.341 0.218
Note: P p™ p<0.01
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