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Abstract

The literature acknowledges “Uncertainty of Outcome” (UQO) as a major factor to explain the degree
of interest that sporting competitions draw from fans and the general public. Uncertainty about the
championship winner is crucial insofar as financial success depends on the capacity to attract potential
consumers of spectacle. This paper focusses on one aspect of UO and examines to what extent reductions
in the interest of followers is due to the removal of uncertainty about the world drivers’ champion in
Formula One.

To study how certainty on the winner undermines the degree of attention generated by the Formula
One world drivers’ championship, we rely on two alternative indexes — similar although not identical —
reported by Google Trends. Both of these appraisals are computed from data on users’ search intensity in
Google, where weekly records are normalized on the relative amount of searches per calendar year. Thus,
as dependent variables for the empirical analysis we use two measures: Google Trends News (GTN),
to capture the intensity with which individuals search news articles associated; and Google Trends Web
(GTW), to get a wider overview based on all kind of Internet contents. The former empirical analysis
is carried out on 10 years of available data; while the latter approach estimates the models for a larger
period of 14 years. Our empirical strategy includes additionally adopting indicator saturation techniques
to address this issue while controlling for outliers.
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1 Introduction

Entertainment industries are developed upon the surprise and suspense attached to unknown outcomes. The
value created by this type of businesses largely depends on the capacity to attract audiences, which — in turn
— depends on the degree of uncertainty and mystery associated with the final result. The sports economics
literature has long been dominated by the Uncertainty of Outcome (UO) hypothesis, which advocates that
the interest in a sporting event depends on the outcome being sufficiently uncertain. Academic debate
has centred on how much uncertainty is necessary, but by and large has failed to draw clear conclusions
regarding the existence of support for the hypothesis. This paper must actually be placed in the context
of the championship uncertainty (as different from match or race uncertainty). The issue is crucial since it
relates to the sport competitions’ capacity to attract attention and to generate economic returns.

Most of the literature on the Uncertainty of Output Hypothesis (UOH) focusses on the uncertainty
attached to a single match or race (Fort and Quirk, 1995). Previously, the seminal paper by Whitney (1988)
stresses the effect of the absence of uncertainty about the season champion. The former paper (page 1267 to
1268) claims that their “win percent” model overperforms the latter model. However, there are few papers
to help elucidating which of the two positions has stronger empirical support (Humphreys and Zhou, 2015).

By distinguishing the degree of race (or match) uncertainty from championship uncertainty, the scope of
this paper embraces both sources of uncertainty, and empirically examines the existing tension between them.
Based on records gathered from Google Trends, our empirical analysis is potentially valid to evaluate the
extent to which each of these two approaches finds greater empirical support in the context of the Formula
one. Our results actually acknowledge that both approaches (Whitney / Fort and Quirk) find certain degree
of support in the context of Formula One. Hence, this paper aims to fulfil a gap in the literature, by
empirically examining the distinction between match versus championship uncertainty.

Some of the more interesting insights have been drawn from considering uncertainty from the perspective
of fans (rather than from a statistical or econometric perspective). Useful insights flow from the realisation
that uncertainty exists at different levels in any sporting contest; there is the individual event level (a match,
or race), the seasonal level (the pennant race), and the multi-seasonal level (long term domination). Given
this multi-dimensional nature to uncertainty of outcome, it may thus be possible to consider the impact of
removing one aspect of uncertainty on interest levels.

In line with this angle on the question, we examine what reduction in interest is associated with the
removal of uncertainty on the season winner. Most sporting events have what Neale (1956) referred to
as a pennant race — the competition for the ultimate prize. Outside of the major American sports, that
ultimate prize can be determined before all matches in the competition have been completed. Progression
from round-robin tournaments can be known before the final round matches take place. Almost all sporting
contests involve such a pennant race, along with individual events too. Besides, the removal of pennant
race uncertainty allows the identification of the interest levels in the uncertainty of individual events. The
issue is relevant concerning the signing of sponsorship contracts and potential access to new fans’ crowds, as
the degree of interest attached to one sport competition (relative to other alternative competitions) may be
eroded when the winner is know.

There are diverse communication channels to follow sporting competitions, from the more traditional
media (TV, Radio, Newspapers, etc.) to more modern devices (Internet, Mobile Apps, Social Networks,
etc.). The internet undoubtedly dominates; in 2005, the International Telecommunications Union estimates
that 51% of the developed world had regular internet access, and in 2019 that figure was 86.6%E| The
standard mechanism for finding information on the internet is to search using a search engine, and of search
engines, Google has overwhelmingly dominated for well over a decade; in January 2009 GlobalStats estimated
90.25% of web search traffic using Google, and in February 2020 that number had edged up slightly to 92%E|
Thus, one way to measure the degree of fan interest is to consider how often people search for information
about that sport on Google. It is to be expected that greater uncertainty yields greater interest, which can
be corroborated by comparing the number of searches made by Google’s users.

1 See |https://en.wikipedia.org/wiki/List_of_countries_by_number_of_Internet_users.
2 See https://gs.statcounter.com/search-engine-market-share.


https://en.wikipedia.org/wiki/List_of_countries_by_number_of_Internet_users
https://gs.statcounter.com/search-engine-market-share

In this paper, we hypothesises that interest falls once the world drivers’ champion is known. Moreover,
given that our empirical study is realized from a global perspective, we venture that studying the impact
of (un)certainty on the championship’s winner may help predicting the future economic prospects of sport
competitions.

After introducing in Section [l| the topic, Section [2| reviews the most relevant previous literature. In
Section [3] we describe the data set and sources and set out the adopted modelling methodology. Then,
Section [f] presents the main results from the econometric estimations; and, finally, Section [f] concludes.

2 Related Literature

The discussion on unpredictable outcomes, since the early stages of sports economics as a discipline, has
been closely linked to the issue of competitive balance (or unbalance). Rottenberg (1956) is well-known for
arguing that more intense competition is positively related to the level of interest of fans — as captured by
attendances. Since the publication of his seminal paper, Rottenberg’s conjecture is known as the Uncertainty
of Outcome Hypothesis (UOH). A few years later, Neale (1964) referred to the UOH as a factor to explain the
fans’ degree of interest, even if this feature is only mentioned in a footnote, where we read: “the appeal of the
seat depends mostly on the uncertainty of outcome and on the weather”. Fort and Quirk (1995) conducted
a survey taking for granted the recognition of the difference between competitive balance (CB) and the
league-standing effect, the notion that better quality teams attract more fan interest as well. Moreover, the
relationship between CB and UO has continued to stimulate new studies (Owen (2014) and Késenne (2014),
for instance).

Given the difficulty to measure CB in professional team-sport leagues, research efforts tried to elucidate
how this task could be performed. Concerning the studies on the effect that CB exerts on the degree of
interest in sport competitions, there are contrasting empirical results. While some papers find a significant
positive impact (mainly on stadium attendances), others reach the opposite conclusion (Peel and Thomas
(1992); Czarnitzki and Stadtmann (2002); Garcia and Rodriguez (2002); Borland and Macdonald (2003);
Lee and Fort (2008); Coates and Humphreys (2010); Coates and Humphreys (2012); Manasis et al. (2015),
among others)El

Zimbalist (2002) observed that there is a general acceptance on the fact that leagues must enjoy certain
CB, but also that economists do not know how much of it should be preferred. Owen (2014, page 41)
summarises some major aspects concerning the Rottenberg’s UOH: “According to the UOH, a higher degree
of predictability (that is, reduced uncertainty) erodes spectators’ interest. This decreases consumer demand
for the league’s output, reflected in lower match attendances, lower television audience ratings and reduced
opportunities for sponsorship and merchandising. Amongst economists, it is not a widely held view that the
‘ideal’ degree of CB involves perfect balance, with all teams of equal strength”.

Based on previous studies (Cairns et al. (1986); Szymanski (2003); and Kringstad and Gerrard (2007))E|
Késenne (2014) differentiates three levels of UO in sports: (i) match uncertainty; (ii) seasonal or “within-
season” uncertainty (a dynamic measure which takes into account more than one season); (iii) and champi-
onship or “between-season” uncertainty. Cairns (1986) actually argued that uncertainty of outcome matters
at three levels: the match or individual event level, the seasonal or championship level (who wins the pennant
race, as Neale (1964) described it), and the multi-seasonal level (dominance over the years). Indeed, each
one of these matters, and in some cases, there are multiple dimensions within-season. Our analysis focusses

3 The issue is a matter of debate in the context of European football: Késenne (2000) or Szymanski (2001); and in Formula
One: Mastromarco and Runkel (2009) or Judde et al. (2013). Other papers adopt an approach that examines TV audiences
(Perez et al., 2017).

4 Then, Jennett (1984) introduced a within-season measure of uncertainly taking into account if the teams were still
candidates for winning the championship and also the number of games left for the competition to be completed. Humphreys
(2002) use annual figures on attendances to baseball stadiums to examine alternative measures of CB, suggesting an innovative
single measure of UO that combines seasonal and championship uncertainty: the “competitive balance ratio”. More recently,
Pawlowski et al. (2018) adopts a new approach to overcome the usual shortcomings associated to the appraisal of CB by
means of subjective measurements of fans’ perceptions. Manasis (2013) create one such specialised index for football leagues
accounting for promotion and relegation.



on the degree of interest generated by sport events, regardless of whether obtaining information provides
entertainment or not (Ely et al., 2015)E|

3 Data and Methodology

To measure the degree of interest generated by sporting competitions, we examine how often fans search
on the Internet for information about the Formula One championship, an sport discipline that awakes the
attention of large crowds worldwide (Garcia-del-Barrio, 2018). This approach seems appropriate in the
Internet age, when the mechanism for finding more information out about something is to conduct a web
search. If a sporting event is interesting, either if one is a current fan or not, it is plausible that they may
search for information about the event using a search engine. Overwhelmingly over this time period, Google
has been the dominant search engine globally. Consumers of sport spectacles will actually make Google
searches to either find websites of interest, or news articles on the issue that has piqued their interestEl

We collected weekly figures of searches in the Google Trends tool as a proxy variable to measure the
degree of attention paid by the consumers of sports spectacle. The Google Trends algorithms identifies and
labels the searches linked to Formula One. For the sake of robustness in the results, we actually use data on
both the intensity with which users searched on Google for general web content (Google Trends Web, GTW)
and for news articles (Google Trends News,GTN). The latter approach permits appraising the awareness of
people concerning news articles related to the sport competitions, whereas the former captures all kinds of
Internet searches, thereby providing a more global view on the ability that sport competitions have to draw
the attention of the fans and the general public. The data are downloaded from the Google Trends siteﬂ The
web searches (GTW) are plotted in Figure [1} while the news searches (GTN) are plotted in Figure [2} where
seasonal patterns in the searches are clearly observed. At the start and end of the year, when the Formula
One season is not running (the week of the year is on the horizontal axis), search volumes are low. The same
is true for the mid-season break, clearly visible just after week 30. In each of the two alternative approaches,
GTW and GTN, we examine the comparative intensity in searching information on the Formula One world
drivers’ championship, to capture oscillations on the attention granted by the fans over the seasonEl

In principle, there is no reason to expect that the fans of sport competitions carry out a more (or less)
intensive use of Internet search engines than other people do. Hence, we are confident that our analysis
will deliver representative outcomes. Besides, in processing the information, we merely rely on counting the
relative amount of mentions or news articles, while neglecting to account for the actual content of these
Internet contents.

To estimate the different models, we use the two aforementioned alternative variables. First, the depen-
dent variable GTW is used to perform model estimations with data for a period of 14 years (from 2004 to
2017). Then, we replicate the analysis for GTN, covering just 10 seasons (from 2008 to 2017),due to shorter

5 Ely et al. (2015) elaborate on a further refinement of the uncertainty concept, by distinguishing between the entertainment
utility derived from suspense and the one stemming from surprise: “A period has more suspense if the variance of the next period’s
beliefs is greater. A period has more surprise if the current belief is further from the last period’s belief”, according to their
definitions” (page 216). Buraimo at al. (2020) use an extensive data set on television audiences to address the issue of outcome
uncertainty, concluding that suspense and surprise are significant drivers of fans’ interest on Premier League matches.

6 As a measure, it circumvents the problem of endogeneity that would be a concern when looking at, say, newspaper column
inches, since this is a decision made by newspaper editors as a calculation based on anticipated interest in such content; editors
make the decision because they anticipate the demand, rather than because the demand is there. There are several papers
using the intensity of searches in Google Trends to approximate the degree of interest manifested by fans and the general public
(Garcia-del-Barrio et al. (2020), Aguiar-Noury and Garcia-del-Barrio (2019) and (2021). Previous studies (Vosen and Schmidst,
2011) show that Google Trends is reliable and helps to forecast the consumers’ tendencies; actually, their “results show that in
almost all conducted in-sample and out-of-sample forecasting experiments the Google indicator outperforms the survey-based
indicators. This suggests that incorporating information from Google Trends may offer significant benefits to forecasters of
private consumption”. Choi and Varian (2012) claim that Google Trends is “a real-time daily and weekly index of the volume
of queries that users enter into Google, [which] may be helpful for short-term economic prediction. (...) Google Trends may
help in predicting the present”. Then, Bulut (2018) concludes that using figures based on from Google Trends over-performs
other approaches in forecasting changes in the nominal exchange rates of OECD countries.

7 See |https://trends.google.com /

8 Data on the race dates was collected from the Formula One official site: [www.formulal.com/| and from: www.4mulal.ro,
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Figure 2: Google Trends News (GTN) searches for Formula One by week of the year, 2008-2017.



data availability. Hence, the length of the data sets differ for the two groups of model estimations: the
former consists of 728 observations, while the latter uses 520 (the corresponding 52 annual weeks multiplied
by the number of years).

Notice that Google scales its search volumes such that 100 is the maximum value for a given time period.
As we collected the figures separately for each season, then the series achieves 100 once per season, where
seasons run for a calendar year. Thus, the records of both alternative dependent variables (GTW and GTN)
are expressed relative to a maximum reference value of 100. Precisely, the use of normalised data is apropos
for capturing the relative intensity of the searches made by Google users (Cf.: Choi et al. 2012). Nonetheless,
despite this implicit controlling for secular trends, it may be useful to add annual fixed effects.

In addition to these variables, we employ indicator saturation (IS) as a method of outlier detection (Cf.
Hendry, 2013). The IS technique is a flexible method that can be applied to detecting outliers (via impulse
indicator variables), structural changes (by step indicator variables), and split trends (via trend indicator
variables). It works by saturating the regression with indicator variables of a particular type, and selecting
over them in batches. Castle (2008) finds that IS dominates other break detection procedures such as that
proposed in Bai (2003), and also other conventional outlier detection measures like identifying large residuals.

Indicator saturation using steps (SIS) could have been implemented on this sample, but the use of annual
fixed effect dummies interacted with the step indicators in such a way that the two counteracted each other.
Furthermore, with the implicit annual detrending via the collection method from Google, changes in the level
of search activity do appear to have been taken into account. What matters, particularly given this method
of detrending employed by Google, is detecting for outliers — weeks where search was abnormally high for
no obvious, systematic, reasons. If a huge outlier exists it can weigh down the remaining observations and
create a false sense that that season had lower search volumes.

Particularly, we aim at accounting for all persistent changes in the time series that are not attributable to
knowledge of the winner. Once the final outcome (namely, who is the Formula One world drivers’ champion)
has become certain, we measure by how much does fan interest fall down.

Our regression-based approach involves estimating several linear models of the following form:

Y =ag+9-Di+p- Xy + - Winner Known, + &, 5t~N(0,02) (1)

Here, Winner Known, is a variable taking the value 1 for the weeks when uncertainty related to the
pennant race has concluded, as it is already known who has won the Formula One drivers championship. As
such, it gives some estimate of the volume of interest purely associated with the pennant race.

In order to try and isolate pennant uncertainty, we incorporate X; and D;, two matrices of variables.
The first, X, collect other explanatory variables, and the second, Dy, contains indicator variables of varying
types.

Throughout the season, a number of particular weeks are of great interest, and hence are included in X;:

1. The week before the season begins, when a huge amount of information will be put out in news media
to appeal to Formula One racing fans anticipating the new season.

2. The week the season begins, which will be slightly unusual in that much will be revealed in the first
competitive action after a break.

3. Each race week must matter; Google’s week begins on a Sunday, and races occur on a Sunday. We
create a dummy variable that is 1 for each week that contains a Formula One race.

4. The final week of the season contains much in the way of reflective pieces on the season, and reflections
on the winner of the driver’s championship. The same is true for the week following the end of the
season, presumably including the post-season moves between teams made by drivers before the off
season break.

5. Since the year 2009 there has been a recognised mid-season break, which ought to lead to lower search
volumes.



Table 1: Descriptive Statistics of the Main Variables

Variable Obs. Mean std.Dev. Min Max
Google Trends News 520  37.4846 21.0279 4 100
Google Trends Web 728  48.9560 18.7904 18 100
Racing Season Ongoing 728  0.6758  0.4683 0 1
Winner Known 728 0.0329 0.1786 0 1

The summary statistics of the main variables used in the empirical analysis are presented in Table

As fan interest is a time series, it is vital to take into account persistence across time. This can be
thought of as reflecting habitual behaviour by fans interested in Formula One. To do otherwise would leave
significant autocorrelation in the residuals. We assume in equation that the error terms are independently
and identically normally distributed with constant variance, and hence residual autocorrelation is a violation
of this assumption. Hence, some models include lags of y; in X;.

The matrix D; is populated with season (annual) fixed effects, as well as the impulse indicator variables
that are selected via indicator saturation.

Then, at the end of the paper, the Appendix displays the results of performing similar regression analyses
of the Baseline Model (3), for both GTW and GTN, where the explanatory variable capturing the certainty
of output, “Winner Known”, is split out in as many variables as the number of weeks during which the
drivers’ winner is already known, while the Formula One championship was still on-going. This analysis
complements the other results, since it allows us examining in more detail the speed at which people lose
interest on the Formula One competition once the winner is known.

4 Results

This section presents the estimations of using two alternative dependent variables. First, the relative interest
on the competition is measured on the basis of the intensity with which Google users search for contents
worldwide (GTW), over a 14-years period (from 2004 to 2017). Then, the same analysis is replicated onto a
shorter period (from 2008 to 2017), due to data availability, by applying instead an approach based on search
intensity of Google news articles (GTN). While the latter approach concerns the relative degree of interest
granted by journalist and the media, the former procedure is expected to procure a more comprehensive
measurement of the overall degree of interest as shown by sport fans and the general public.

4.1 Analysis with Google Trends Web (GTW)

Initially, the main results are reported in Table[2 for GTW searches. We present a range of models, increasing
in the number of explanatory variables that they have. As we proceed from left to right, the models display
greater explanatory power and better statistical properties.
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Figure 3: Model output from column (7), including indicator saturation (IS). Top panel is the actual search
volume (GTW) observations (blue line) and the fitted/predicted values from the model (red line). The
middle panel are the residuals, standardised using the residual standard error. The bottom panel presents
spikes where outliers were detected, with each spike exactly proportional to its size as represented by the
coefficient in the finally estimated model.

We begin in column (1) with a regression of search volume on the variable that captures if the winner
is known, while controlling for the increased search volume that corresponds with the actual racing season.
Among other findings, these two results stand out: (i) there are many more searches during the season —
search volume increases by 22 percentage points; and (ii) there is a negative effect on search interest once
the winner of the season’s championship is known — search volume falls by about 8 percentage points.

The second column adds in annual fixed effects, hence dummies that are one for each calendar year. We
do not report these, but they are jointly significant (F statistic 6.7). Their impact is to slightly increase the
size of the effect of the winner being known — of uncertainty being taken away — to around 10 percentage
points.

In column (3) we add variables that allow for a further impact of the weeks either side of the start and
finish of the racing season. The variable for the week before the season begins (the Sunday to Saturday
before the race, that includes the practice and qualifying for that race) is very large indeed, suggesting that
in that week interest is increased by 53 percentage points. This drops to 28 percentage points in the week
that the season has begun. The constant term is 38, giving some sense of the size of these effects. There is
also a significant effect at the end of the season, although both negative coefficients are not very large. The
effect of the winner of the championship being known falls slightly to just under 10 percentage points.

In the fourth column we add information on whether a race took place in that particular week. Races
during the season tend to be every other week, and sometimes there are longer breaks such as a mid-season

10



break introduced in 2009E| If race weeks generate greater interest, then it is important that our model
account for this. A race week increases search volume by about 18 percentage points, and has the effect of
reducing the size of the racing season coefficient from around 24 to just under 15 percentage points. Search
volume is higher in the season, but it is especially high on race weeks. The other notable effect of this is to
increase the size of the effect of the winner being known to 12 percentage points.

In columns (5) and (6) we add lagged information. One lag is significant, but insufficient in the sense that
a Breusch-Godfrey test for residual autocorrelation rejects the null hypothesis of no autocorrelation. We add
two lags in column (6), and both are very significant, reflecting persistence in search patterns. Neither is
particularly large, at under 0.2, suggesting that an increase (or decrease) in search activity has a small effect
in subsequent weeks. There are three further impacts of doing this: first, the significance of the dummies at
the end of the season become larger and significant, at around 10-12 percentage points; second, the effect of
the racing season being ongoing falls from 14 to 6 percentage points, though remains very significant; third,
the effect of the winner being known falls back to around 10 percentage points.

In column (7) we add in indicators detected using IS to correct for outliers; least squares estimation is not
robust to large outliers, and the series presented in Figure[I]do appear to have a number of spikes and hence
potential outliers in them. The detected outliers are very large indeed, and are visible in the bottom panel of
Figure [3} in absolute terms, on average they are 27 percentage points. The largest is 51, and the smallest is
17. Of the 36 detected, 28 are positive, suggesting a spike in interest, whereas 8 are small (unexpectedly low
levels of search interest), and five of these fall around the time of the mid-season break. It is important to
account for outlying observations, both economically and econometrically. Economically, it is highly likely
that one-off events occur that are particularly newsworthy yet bear no resemblance to understanding the
impact of the winner being known. It thus makes sense to control for such outlier events. Econometrically,
OLS estimation is not robust to outliers, and further, search volumes are scaled by the week with the largest
search volume each year. In doing so, some of the coefficients reported reflect this lack of robustness, as they
change slightly between columns (6) and (7).

The mean search volume is 26, hence about a quarter of the largest search volume in a given year. A
given search week during the racing season shows about 6 percentage points more of search activity, while
a week that contains an actual race further increases search by 15 percentage points. The week before the
season increases search by 50 percentage points, the first actual week of the season by 21 percentage points,
and the last week of the season (so the week that begins with the final race) shows 12 percentage points less
search activity, and the week after that 10 percentage points less.

More importantly for the paper’s aim, the effect of the winner being known is just under 9 percentage
points, which is larger than the effect of the racing season being ongoing, although smaller than the impact
of a race taking place in a given week. This suggests that residual, on-going interest in Formula One is
mainly driven by races and by uncertainty over who will win the pennant race.

The final model from column (7) is presented in Figure The top panel presents the actual search
volumes over time (a weekly time series) in blue, with the model’s fitted (or predicted) values plotted in red.
This shows that the main patterns in the data, visible in Figure [l above, are largely captured. The middle
panel represents the residuals, which are the difference between the actual values and predicted values in
the sample. They are scaled by the residual standard error, and hence should be approximately standard
normally distributed, exhibiting no autocorrelation, or heteroskedasticity. They all fall within the expected
range, and indeed show no signs of model misspecification (Ljung-Box AR(1) test p-value 0.16, Ljung-Box
ARCH(1) p-value 0.95, Jarque-Bera normality test p-value 0.14).

The bottom panel shows the outliers detected, scaled by the size of their coefficients in the finally
estimated model. The majority of them are positive, and large, with a small number of positive ones coming
after 2009 when the mid-season break was introduced. (That is, the bottom plot gives some sense of the
underlying trends apparent in the data across the series).

9 Our “Race in that week” variable is 1 for 53% of weeks during the Formula One season, indicating that races are irregular
in their frequency during the season.
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4.2 Analysis with Google Trends News (GTN)

In this section, we present the results of the second approach, GTN, which tries to measure the same aspect
by relying instead on the amount of times users look for information in “Google News” specifically, rather
than just in Google. The structure of Table [3|is the same as Table [2} but for the results of GTN (news
articles) search volumes. Again, a range of models is displayed, where additional explanatory variables are
included as we progress from left to right. The impact of the winner being known is statistically significant
after raceday effects are added to the model in column (4’), although the coefficient is always smaller than
that found for GTW searches. It becomes statistically insignificant for models (5’) to (7’), although it is
always negative on search volumes.

This difference between GTW and GTN results is intriguing. While the GTW coefficients and significance
levels are more intuitive, and fit better with the UO hypothesis, this is not sufficient grounds for accepting
them over the GTN results. Figure @ which plots the actual and fitted values from model (7’), shows
markedly different seasonal patterns for GTN search relative to GTW search (Figure|3)), in particular in the
periods outside of the regular racing season.

A plausible, although untestable, hypothesis that could explain divergences between the results shown
in Table 2 and those of Table 3 may be that established fans will continue to search for news regardless of
whether the outcome is known, whereas casual observers keen to try and learn more about the sport may
not do so. It suggests that the buzz around a sport that might provoke general searching for information
diminishes once the winner is known.

Given that the data for GTW is richer (and thus more reliable) than GTN, and insofar as sponsorship
contracts and brands are presumably interested to attract the general public, as potential consumers, and
not only Formula One fans, we consider the results obtained for GTW are more relevant — to the paper’s
scope — than the ones achieved for GTN data.

In the models in the first three columns there appears to be a large and significant effect of the season
being ongoing, of around 12 percentage points. Adding a variable for a race in that particular week cuts the
size of the coefficient by a third, and adding in lagged search volumes reduces the coefficient to essentially
zero, and insignificant. This suggests that persistence in behaviour, and the existence of race weeks, rather
than the season per se, drives News search volumes.

Adding in the extra variables also makes clear that it is the week before the season begins that has the
larger effect on News searches rather than the first week itself, the former being twice as large in its effect
than the latter.

Figure presents the final column, model (7’), where indicator saturation has been used. As it happened
with Figure [3] these are very large in nature, and primarily positive.
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Figure 4: Model output from column (7’), including indicator saturation. Top panel is the actual GTN
search volume observations (blue line) and the fitted /predicted values from the model (red line). The middle
panel are the residuals, standardised using the residual standard error. The bottom panel presents spikes
where outliers were detected, with each spike exactly proportional to its size as represented by the coefficient
in the finally estimated model.

5 Conclusions

This paper investigates one of the most well-known theories in sport economics, the Uncertainty of Outcome
Hypothesis. That is, that the greater the level of uncertainty, the higher is the level of interest. We consider a
case where uncertainty surrounding two different competitive aspects in a sport competition can be identified;
the individual event, and the overall pennant race or championship.

Given the astonishing developments in new technologies and their spread-out use worldwide, we advocate
that Google Trends outcomes provide us with accurate appraisals of the global interest in sport events. The
raw data obtained from Google Trends are expressed with respect to a reference value of 100, which is
attached to the maximum value of the searching period. Then, an index is computed such that all the other
figures within the period are re-scaled relative to 100.

We examine whether knowledge about the overall outcome of a pennant race will affect the interest in
the individual events that contribute towards that pennant race, by looking at Formula One races and the
overall driver’s championship. Often towards the end of a season, it is known already which driver has won
the driver’s championship, and hence, from this point on, only individual race-level uncertainty remains.

In the paper, we describe how, along with the volume of general searches in websites, a double-check
more robust analysis can be performed by examining also figures on the searching intensity of news articles,
which are also provided by Google Trends.
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The results of our empirical analysis are not totally conclusive, deserving further research effort. Con-
cerning the degree of general interest manifested by the general public, as captured by the relative intensity
in searching activity (GTW), once pennant-race uncertainty is removed, we find that search interest declines
significantly, and by a large amount — about 10 percentage points, when average search activity is at a level
of about 25. That is, about a third of search interest is lost. Some interest remains, reflecting that each
individual race is interesting and contains within it uncertainty. Nevertheless, if we adopt the alternative
approach of measuring the people degree of interest as manifested by their search intensity of news articles
on the matter (GTN), it is more dubious to conclude that getting to know who is the driver’s champion of
the year significantly reduces the interest on the Formula One competition.

Given that we have richer data on the general Google searches (GTW), and because sponsorship contracts
and brand development do presumably want to attract the general public as potential customers (rather than
just Formula One fans), we tend to believe that the results from the first analysis (GTW) are more reliable
than those derived from the second approach (GTN).

These results are of interest to the designers of sporting competitions; different structures in terms of the
number of points available in individual events contributing to a pennant race, can affect how quickly the
overall winner is determined. Search volume can be monetised, and as such we quantify that around a third
of such potential activity is lost once the pennant race ceases to be uncertain.

Among other policy implications, our findings suggest that — to prevent a loss of interest in sport events
— the way how sport tournaments’ are designed should be revised. Moreover, as concern the organisers
of sport championships, they may want to alter the competition structure in such a way that the drivers’
winner would not be known until very late in the season. Otherwise, we estimate that around one third of
the interest in sport competitions (and the corresponding potential revenues) may be lost.

In the near future, we plan replicating a similar analysis to team-sport leagues, particularly the “Big-
five” domestic Football leagues in Europe. Further research is needed also to examine other sport disciplines
and to explore additional aspects related to outcome uncertainty other than the approach focussed on the
certainty about the final winner.
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Appendix

The Appendix shows the results of replicating the estimations for baseline models (3) and (3’), but where
the output certainty (captured by the “Winner Known” variable), rather than a single variable, has been
split in as many variables as the number of weeks in which the drivers’ winner was already known. (While
the Formula One championship was still on-going. This figure reached even 8 weeks in one of the years under
examination). This new approach allow us examing how fast the interest drops once the Drivers’ winner is
known and to verify if there may be a rebound effect as time (weeks) go by.

The estimated models are equivalent to model (3) in Table 2, and model (3’) in Table 3. These models
correspond to estimations without introducing ‘Indicator Saturation” techniques, and after having replaced
the variable ”certainty of output” by up to 8 variables, to capture if there are discrepancies of the decline in
interest over the weeks. For the sake of robustness, the estimations shown in the table involve the results of
both the analysis based on the intensity with which Google users search for both news articles (GTN) and
for general web contents (GTW).

yr = Bo + v+ Dy +¢~Xt+ZBZ-~WmnerKnownt+,ut, &t ~N(0702) (2)
i=1

The results show that getting to know the driver’s winner has a negative effect on fans’ degree of interest
in the Formula One championship, which is still statistically significant even after 8 weeks of certainty, even
if the drop of interest (as captured by GTW) is small after 1, 2 and specially 3 weeks. Furthermore, if we
relay on news, rather than general searches in Google, the reduction in followers interest only appears to be
significant starting in the forth week of certainty.
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