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a b s t r a c t

Bookmakers sell claims to bettors that depend on the outcomes of professional sports
events. Like other financial assets, the wisdom of crowds could help sellers to price
these claims more efficiently. We use the Wikipedia profile page views of professional
tennis players involved in over 10,000 singles matches to construct a buzz factor.
This measures the difference between players in their pre-match page views relative
to the usual number of views they received over the previous year. The buzz factor
significantly predicts mispricing by bookmakers. Using this fact to forecast match
outcomes, we demonstrate that a strategy of betting on players who received more pre-
match buzz than their opponents can generate substantial profits. These results imply
that sportsbooks could price outcomes more efficiently by listening to the buzz.

© 2022 The Author(s). Published by Elsevier B.V. on behalf of International Institute of
Forecasters. This is an open access article under the CC BY license

(http://creativecommons.org/licenses/by/4.0/).
1. Introduction

The size and ubiquity of online sports betting markets
ontinues to increase. Most notably in recent years, the
orld’s most successful online sportsbooks entered the
.S. after a 2018 Supreme Court ruling allowed states
o legalise gambling at their own discretion.1 As online

✩ We would like to thank Giovanni Angelini, Luca De Angelis, Sarah
Jewell and Tho Pham for helpful comments, as well as participants
at the 15th International Conference on Computational and Financial
Econometrics (CFE 2021; London).

Replication files, code and instructions can be found on Philip
Ramirez’s GitHub page: https://github.com/philiprami/betting_on_a_
buzz.
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ttps://doi.org/10.1016/j.ijforecast.2022.07.011
169-2070/© 2022 The Author(s). Published by Elsevier B.V. on behalf of Inte
he CC BY license (http://creativecommons.org/licenses/by/4.0/).
sports betting markets have grown and replaced more tra-
ditional forms of gambling, lower transaction costs have
increased competition and driven down bookmaker profit
margins (i.e., the ‘overround’ or ‘vig’) (Forrest, 2008). Over
the same period, the amount of online information that
bettors can use to form expectations about sports out-
comes has increased. This includes detailed historical data
about the participants and the setting of an event, the
commentary and predictions of sports pundits and tip-
sters, and the so-called ‘wisdom of crowds’. This latter
term is used widely to describe instances where infor-
mation aggregated from the decisions of many individu-
als improves forecasting and decision-making processes,
compared with relying on a small number of expert po-
sitions (Galton, 1907; Surowiecki, 2004). Given the small
profit margins and competition with the crowd-based
betting exchanges (prediction markets), odds-setters may
need to forecast outcomes and price the claims they sell
to bettors more efficiently than ever before. It is natu-
ral to ask whether bookmakers are doing this success-
fully. In this paper, we use a specific practical example
to demonstrate how online sportsbooks are vulnerable to

information that could represent the wisdom of crowds.
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Wikipedia, the free online encyclopaedia, is an exam-
le of crowd wisdom. It has become the go-to online
lace for information about almost anything, including
he characteristics and form of sports people.2 We use
his fact to construct what we call the Wiki Relative
uzz Factor, for over 10,000 Women’s Tennis Association
WTA) singles matches since the beginning of the 2015
eason.3 These matches were all at the elite level of the
port and include the four annual Grand Slam tourna-
ents. The buzz factor uses the number of page views
n the Wikipedia profiles of players before their matches
egan. We call it ‘relative’ because it compares the players
ithin a match. We call it ‘buzz’ because it uses the profile
age views on the day before a match in proportion to
he typical numbers over the past 12 months. We then
dapt the Mincer and Zarnowitz (1969) forecast evalu-
tion framework, showing that the Wiki Relative Buzz
actor can significantly predict the systematic mispricing
f bookmaker odds, with the higher-buzz player being un-
erpriced. There is no significant evidence of a favourite
r longshot bias in these markets, but bookmakers tended
o significantly underprice a player who was substantially
ower-ranked than her opponent. Taking these results
ogether, we can reject a sufficient condition for weak-
orm market efficiency. To prove that these markets are
nefficient, we generate probability forecasts of tennis
atch results by using the same model that detected

he mispricing. Combining these forecasts with the Kelly
riterion, which can be motivated from expected utility
heory, we demonstrate substantial and sustained profits
rom exploiting the information contained in the Wiki
elative Buzz Factor. Specifically, we found a potential
eturn on investment of 17%–29% from applying the fore-
asting model at Bet365, the world’s highest revenue
nline sportsbook, to over 5000 potential bets on WTA
atches between the beginning of the 2019 season and
arch of 2020. In contrast, using probability forecasts

rom the widely used (Elo, 1978) rating systems and the
elly criterion would have generated substantial losses
ver the same samples of matches.
These results contribute to the growing literature at-

empting to elicit the value of crowd wisdom from the
ield and using this to test the efficient market hypoth-
sis (Fama, 1965, 1970). Relevant to our study of bet-
ing markets, research has demonstrated how information
rom social media can predict what happens in financial
arkets, including cross-sectional stock returns (e.g., Av-
ry et al., 2016; Chen et al., 2014; Sprenger et al., 2014)
nd the price movements of cryptocurrencies (Kraaijeveld
De Smedt, 2020). Specifically using Wikipedia, Moat

t al. (2013) found that activity on relevant financial pages
ould provide some early signs of stock market move-
ents. Behrendt et al. (2020) also found that activity on

2 Wikipedia is the seventh most visited website worldwide; see
https://www.similarweb.com/top-websites/, retrieved May 11, 2022.
3 We have no particular rationale for focusing on this sport and the

women’s game only. However, it is convenient that odds on all these
events were offered by a large number of online sportsbooks. Further,
we had built a dataset containing information about these events for
other research projects before using it to explore the questions in this
paper.
1414
Wikipedia pages could be used to infer collective investor
behaviour and design a trading strategy for individual
stocks. In a study closely related to our own, Brown et al.
(2018) discovered that the aggregate tone extracted from
a large number of Twitter posts contained significant in-
formation not present in live betting-exchange prices dur-
ing football matches, especially in the aftermath of major
events such as goals or red cards. Using a crowd explic-
itly making predictions, Brown and Reade (2019) found
that the aggregated content from a community of online
sports tipsters also contained information not present in
betting prices. Betting when the majority of the com-
munity predicted a particular outcome generated a small
average positive return. Peeters (2018) also found that a
crowd of sports fans could improve forecasting accuracy
and generate profitable opportunities on betting markets.
Specifically, forecasts based on the football player trans-
fer market values on transfermarkt.de and the implied
trengths of international teams proved more accurate
han other standard predictors of match results, such as
fficial team rankings or form-based rating systems.
This paper contributes more generally to the litera-

ure on the efficiency of betting and prediction markets,
pecifically for sports, much of which has focused on
he favourite–longshot bias (for reviews, see Williams,
999, Ottaviani & Sørensen, 2008, or Newall & Cortis,
021). There is some literature focused on the efficiency
f tennis-match betting markets (Abinzano et al., 2016,
019; Forrest & Mchale, 2007; J., 2014; Lyócsa & Výrost,
018). This literature has tended to find evidence of
longshot bias that is not large enough to overcome

he bookmaker profit margin and prove inefficiency. The
resent paper also contributes to the use of professional
ports to learn about the practice of forecasting, in par-
icular to some studies that have focused on profes-
ional tennis (e.g., Angelini et al., 2021a; Barnett & Clarke,
005; Candila & Scognamillo, 2018; del Corral & Prieto-
odríguez, 2010; Easton & Uylangco, 2010; Knottenbelt
t al., 2012; Kovalchik, 2020; Kovalchik & Reid, 2019;
cHale & Morton, 2011; Scheibehenne & Broder, 2007;
panias & Knottenbelt, 2013). The forecasting models
ntroduced by these studies cannot normally outperform
ookmakers without shopping around to find the best
vailable odds (Angelini et al., 2021a; Kovalchik, 2016).
The rest of the paper proceeds as follows: Section 2

escribes our dataset, a model to detect mispricing, and
simple betting strategy to test market efficiency using

he model; Section 3 presents the results; and Section 4
oncludes.

. Data & method

We collected information from tennis-data.co.uk for
ll WTA match results from the main draws of all tour-
aments, including the Grand Slams, between January 1,
015 and February 16, 2020.4 This information includes
he identity of players and tournaments, as well as when

4 These tennis match data are readily available before 2015, but our
analysis period is restricted by the availability of historical Wikipedia
page-view data.

https://www.similarweb.com/top-websites/
http://www.tennis-data.co.uk/


P. Ramirez, J.J. Reade and C. Singleton International Journal of Forecasting 39 (2023) 1413–1423

e
t
l
d
t
a

w
f
6
a
e
f
t
w
w

2

t
T
p
t
t
t
v
e
t
i
d
o
4
b
S
P
p

c

W

w
w
b
i
o
F
T
p
c
i
t
R
l
s

b
o
a
o
b
(
i
r
f
W
w
o
o
p
o
p

2

(local date) and where matches took place.5 The dataset
represents 10,522 matches, 443 players, and 271 tourna-
ments. It includes the WTA world rankings of the players
immediately before each match, which are based on per-
formances over the preceding year and are updated after
a tournament is completed. We used the Python packages
geopy and timezonefinder to locate the coordinates of each
city in the dataset and the time zones for each match
location.

The main draw for a WTA tournament normally takes
place a few days before the first round begins, after any
qualification matches. All tournaments are in a knock-out
format and the draw is seeded, except for the end-of-
season WTA Tour finals, which have a round-robin stage.
The seedings are generally based on world rankings going
into a tournament. The average length of a WTA ten-
nis match in 2020 was 97 min.6 A player can normally
xpect one to three days of rest between matches in a
ournament. The lineup for a match is usually known at
east the day before it starts, after either the first round
raw or the completion of players’ previous matches in
he tournament, at which point betting odds will become
vailable.
We collected betting odds from oddsportal.com for the

inner and loser of a match at the time it began. In what
ollows, we generally use the average odds from the 40 to
0 online bookmakers (sportsbooks) that were posted for
ny given match on oddsportal.com. We also use the high-
st (or best) available odds from the bookmaker sample
or each match, as well as the specific odds from Bet365,
he largest single online bookmaker (sportsbook) in the
orld by revenue, number of customers, and visitors,
hich offered odds on almost every match in the dataset.7

.1. The Wikipedia relative buzz factor

To construct a measure of the pre-match buzz about
he players, we collected daily (Coordinated Universal
ime, UTC) Wikipedia page views of their English-language
rofiles using the Pageview Application Programming In-
erface (API), a tool used to query the Wikipedia Founda-
ion page-view data. A small number of observations in
he WTA match dataset use maiden names, nicknames, or
ariations of abbreviations. Therefore, we were careful to
nsure that every player in the WTA dataset was matched
o her Wikipedia profile page views using manual check-
ng. The mean number of page views for players on the
ay before a match took place was 1079, with a median
f 139, a standard deviation of 6823, and a maximum of
29,245 (for Naomi Osaka on September 7, 2018, the day
efore she won the US Open final when her opponent,
erena Williams, accused the umpire of being a ‘thief’).
anel (a) of Fig. 1 shows kernel density plots of the log
rofile page views of players the day before a match took

5 The local date gives the match start, which is important since
matches can be played over multiple days due to stoppages, for
example, due to the weather.
6 See http://www.tennisabstract.com/blog/category/match-length/.
7 See for example https://bestonlinebookmakers.com/largest-

bookmakers.html; retrieved June 9, 2022.
1415
place. The distribution for match winners is generally to
the right of that for match losers, suggesting that players
with higher levels of interest in their profiles before a
match were more likely to win. Panel (b) of Fig. 1 shows
the tighter distributions of the log daily median page
views in the past year before a match, though with greater
differences between the winner and loser distributions
than in panel (a), suggesting that the typical past num-
ber of profile page views could be a better predictor of
subsequent success in a match.

To generate our Wiki Relative Buzz Factor for each
player–match observation in the dataset, we combine the
information contained in panels (a) and (b) of Fig. 1. First,
we subtract the log median daily page views of a player
over the year before a match from the log page views
the day before that match for the same player. Second,
we subtract from this value the equivalent value for the
player’s opponent. As such, our Wiki Relative Buzz Factor
measures whether the interest in a player’s Wikipedia
profile page was atypical the day before a match, and how
much it was atypical relative to the player’s opponent in
the match. Precisely, for player i appearing in match j we
alculate:

ikiBuzzij = ln(wij/w̃ij) − ln(w−ij/w̃−ij) , (1)

here wij is the previous day’s page views for the player,˜ij is the median daily page views over the past year
efore the match, and –i denotes the player’s opponent
n the match. This measure is plotted in panel (c) of Fig. 1
nly for the winning player observations in the dataset.
or the match winners, WikiBuzz is on average negative.
hus, when a player receives a greater log increase in daily
re-match page views relative to the typical number re-
eived over the previous year, than the player’s opponent,
t tends on average to predict the player’s own defeat in
he match (p-value < 0.001). By construction, the Wiki
elative Buzz Factor has zero mean over all winners and
osers in the dataset, but we can reject normality with
tandard tests, due to excess kurtosis of 0.9.
We use the Wikipedia profile page views from the day

efore the match to construct the buzz factor, instead
f from the day of the match, because the daily views
re in UTC. If we instead used page views from the day
f the match, then we could not be confident that the
uzz factor was not caused by the outcome of the match
given that our data only record when each match began
n local time), and we could not then use it to form a
ealistic betting strategy to test market efficiency. There-
ore, by converting all times to UTC format and isolating
ikipedia article views from the day prior to the match,
e ensure separation between whenever matches started
n a particular day and the Wikipedia data. This rules
ut the potential for leakage of information about the
rogress or outcome of a match into the period where we
bserve and use the Wikipedia profile page views of the
layers involved.

.2. Detecting mispricing

Let yij equal one if player i = 1, 2 won match j =

1, . . . , J and zero otherwise, where i distinguishes be-
tween the two players in a match and J gives the total

https://www.oddsportal.com/
https://www.oddsportal.com/
http://www.tennisabstract.com/blog/category/match-length/
https://bestonlinebookmakers.com/largest-bookmakers.html
https://bestonlinebookmakers.com/largest-bookmakers.html
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Fig. 1. Wikipedia daily page views of tennis players before WTA matches from 2015–2020. Notes. Author calculations using Wikipedia Foundation
age-view data for the English-language profiles of WTAtennis players, collected daily (Coordinated Universal Time (UTC)) using the Pageview
pplication ProgrammingInterface (API). The densities are estimated with a Gaussian kernel and bandwidth of 0.2.
umber of matches in a sample, such that the overall
ample contains 2J player–match observations. Let pj be
he unobserved beliefs of the bookmaker about the prob-
bility of y1j = 1 happening beforehand, i.e., player 1
inning match j. The bookmaker offers decimal odds oij

on the two potential outcomes, meaning that, on taking
a £1 bet, they return oij to the bettor if the outcome
appens, and they gain £1 if it does not. Let zij = 1/oij

be the inverse odds or implied odds-based probability
forecast of the bookmaker. For any match, z1j + z2j =

1 + κj > 1, where κj has often in the literature been
termed as the bookmaker’s expected rate of commission
or profit margin on a match, also known among sports
bettors as the ‘overround’ or ‘vig’. This implies z1j =

pj + ακj and z2j = (1 − pj) + (1 − α)κj. If we denote
eij = yij −zij, then an efficient bookmaker market requires
that forecast errors on average are equal to the negative
value of some sample average ‘overround’, Eij

[
eij

]
= −κ̄ .

In other words, the bookmaker is efficient if it makes
1416
some average level of commission across matches and
outcomes, and no other information can predict eij, since
it would already be priced into the odds.

We consider three potential sources of mispricing and
departures from the efficient market hypothesis in WTA
betting markets.

(1) Favourite–longshot bias: There is an empirical ir-
regularity in some prediction and betting markets known
as the favourite–longshot bias. When it has been used in
the academic literature, this term most typically equates
to a longshot bias, whereby the odds offered by bookmak-
ers suggest an underestimation by the market about the
chances of the most expected outcomes happening over
the least expected outcomes, making bets on favourites
generally more profitable than bets on longshots (see the
summaries by Ottaviani & Sørensen, 2008 and Newall &
Cortis, 2021). Many studies of professional sports bet-
ting markets have identified such a longshot bias, in-
cluding the seminal study on horseracing by Ali (1977).
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Several theoretical contributions, which could be broadly
classified as coming from neoclassical economic theory,
have demonstrated the sufficient conditions such that this
longshot bias can arise in equilibrium, in terms of the
preferences, budget constraints, and distribution of beliefs
among the market participants (e.g., He & Treich, 2017;
Manski, 2006; Ottaviani & Sørensen, 2015). The same the-
oretical frameworks also suggest that high risk aversion
among bettors can lead to the bias reversing toward the
favourite outcome in the market, which is often termed
reverse favourite–longshot bias or just favourite bias. Be-
sides the predictions from neoclassical economic theory,
a competing set of behavioural explanations has been
proposed to explain the favourite–longshot bias, which
emphasises the misperception of probabilities by bettors
(e.g., Snowberg & Wolfers, 2010; Vaughan Williams et al.,
2018). Newall and Cortis (2021) suggest from their re-
view of the empirical literature that sports markets with
fewer potential outcomes tend to produce a favourite
bias (e.g., team sports or tennis), whereas a longshot bias
appears in markets with many outcomes (e.g., horseracing
or golf). Nevertheless, previous studies of professional
tennis have found a longshot bias (e.g., Abinzano et al.,
2016, 2019; Forrest & Mchale, 2007; J., 2014), though
not sufficient to suggest market inefficiency through pos-
itive mean returns from consistently betting on match
favourites (e.g., Forrest & Mchale, 2007; Lyócsa & Výrost,
2018).

(2) Player ranking bias: We consider whether tennis
etting markets systematically misprice the outcome of a
atch according to player rankings. Several studies have
emonstrated how the recent performances of tennis
layers can provide relatively accurate forecasts com-
ared with those implied by bookmaker odds as a bench-
ark, typically through enhanced (Elo, 1978)

atings (e.g., Angelini et al., 2021a; Kovalchik, 2020; Ko-
alchik & Reid, 2019). We use standard and more
dvanced Elo ratings below to provide benchmark proba-
ility forecasts of match results.8 There is some suggestive
vidence that bookmakers are more risk averse in tennis
atches involving lower-ranked players, and the longshot
ias thus increases in these cases (Abinzano et al., 2016;
., 2014). The WTA world rankings are ordered from one,
or the best player cumulatively over the past year, to
aving no rank, for a player who has not earned enough
oints at WTA events over the past year to get one. We
onsider two measures based on these rankings. First, we
onsider the raw rank difference between the players in
match, RankDiffij = rankij − rank−ij. Second, we assume

that the performance difference between two consecutive
players in the rankings is decreasing more so as one goes
down the ranking list from the top. The difference in
ability between the first- and second-ranked players is
likely to be more than between the 100th- and 101st-
ranked players, which can be evidenced by how much
less often player rankings move at the top compared with

8 The Elo ratings are computed using all WTA tennis matches
between the beginning of the 2007 season and March 2020.
1417
the bottom. We construct a ranking distance measure for
player i in match j as:

ankDistij = −

(
1

rankij
−

1
rank−ij

)
, (2)

where we impute 1/rankij = 0 if a player was unranked
at the time of a match. RankDistij is bounded by –1, when
the player considered is ranked first in the world and is
playing somebody unranked, and 1, when it is the other
way around, thus having the same sign interpretation as
RankDiffij.

(3) Wikipedia Relative Buzz Factor bias: To the best
of our knowledge, this sort of information has not been
used to predict the outcome of tennis matches and the
efficiency of their betting markets, or at least this has
not been documented before. However, there are parallels
with studies using information from social media and
player evaluations to predict football match outcomes and
betting inefficiencies (e.g., Brown et al., 2018; Peeters,
2018).

To detect mispricing and estimate the conditional mean
effects on bookmakers’ odds-implied probability fore-
cast errors, we apply the general (Mincer & Zarnowitz,
1969) forecast evaluation framework (see Angelini & L.,
2019, Angelini et al., 2021b, and Elaad et al., 2020, who
tested for home bias, the favourite–longshot bias, and the
weak-form efficiency of European football betting mar-
kets in much the same way). We estimate the following
using least squares:

eij = α + β1zij + β2RankDistij + β3WikiBuzzij
+ ψS(j) + φT (j) + εij , (3)

where {α, β1, β2, β3, ψS(j), φT (j)} are parameters. We ex-
pect a significantly negative estimate of α to capture the
bookmaker’s profit margin (overround). Positive values
of β1, β2, or β3 would respectively suggest a longshot
bias, a high-rank bias, or a low-buzz bias in the mar-
kets, such that betting on a win by the favourite, the
lower-ranked player, or the one with greater pre-match
relative buzz could be profitable strategies, and vice versa
if these parameters are negative. We also consider fixed
effects in Eq. (3) for the season (year), ψS(j), and tour-
nament of the match, φT (j), where S(j) and T (j) are in-
dicator functions, to address the potential heterogeneity
over these dimensions in bookmaker overrounds or ex-
pected profit margins. The remaining heterogeneity is left
in the residual term εij. We construct standard errors
for the estimates of Eq. (3) that are robust to clusters
at the match and tournament levels. This addresses the
heteroskedasticity from including both players in a match
in the estimation sample, as well as the possibility that
some tournaments may be less predictable than others.9

The mean of eij will be significantly negative for any
reasonably sized sample of matches. Therefore, a suffi-
cient condition for the betting market to be weak-form

9 As a robustness check, we also considered estimates of Eq. (3)
using weighted least squares, with elements of the diagonal weighting
matrix approximated by z1j×z2j , as suggested by Angelini and L. (2019).
Although this estimator reduces the influence of more competitive
matches, the results that follow are robust to using this instead of
ordinary least squares.
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efficient, according to Eq. (3), is given by the null hypoth-
esis: H0 : β1 = β2 = β3 = 0. If we find that estimates
f {β1, β2, β3} are significantly positive or negative, then
he associated variables provide information that is not
ully incorporated in the pre-event prices. In this case, the
arkets may be inefficient if bettors can use the same

nformation to make sustained positive returns.

.3. Market inefficiency and a simple betting strategy

To test whether the bookmaker markets are ineffi-
ient, we use estimation results of the mispricing model
n Eq. (3), an out-of-sample dataset of tennis matches,
ookmaker odds and Wikipedia page-view data, and the
elly (1956) criterion. This criterion is the solution to
bettor’s maximisation problem on how much of the
ettor’s wealth should be invested in the claim offered
y the bookmaker, assuming logarithmic utility and given
he bettor’s beliefs about the outcome of the claim and
he odds posted by the bookmaker. Along with simpler
trategies, such as ‘bet one unit when the expected return
s positive’, the Kelly criterion has been widely used in the
iterature to evaluate betting market efficiency (e.g., Hvat-
um & Arntzen, 2010; Peeters, 2018; Ziemba, 2020). We
ssume that our bettor in this case forms expectations
rom estimating Eq. (3) using ordinary least squares (OLS),
hough without including the season or tournament fixed
ffects in the model, as these are impractical for forecast-
ng. The other variables in Eq. (3) are all available to the
ettor before a tennis match begins, allowing the bettor
o use the estimated model to form probability forecasts
f match outcomes. The bettor’s out-of-sample expected
robability of winning a bet on event i, a specific player
o win match j, denoted by ỹij, is thus given by:

ij = α̂ + (1 + β̂1)zij + β̂2RankDistij + β̂3WikiBuzzij , (4)

here {̂α, β̂1, β̂2, β̂3} are in-sample OLS estimators. The
elly criterion gives the share of a fixed amount of wealth
r budget to invest in each bet, remembering that oij =

/zij are the decimal odds offered:

ij = max{̂yij −
1 − ŷij
oij − 1

, 0} . (5)

The bettor’s return on investment (ROI) over N = 2J
potential bets, expressed as a percentage of the total
amount invested over the sample period (some multiple
of the per-bet budget), is given by:

ROI =

∑2J
ij

(
xijoij1{yij = 1} − xij1{yij = 0}

)∑2J
i xij

. (6)

A substantially positive ROI, over a large out-of-sample
number of matches, would provide evidence that tennis
match betting markets are weak-form inefficient, due to
some combination of the biases captured by the model.
This would suggest that the relatively straightforward
model and betting strategy could be applied profitably in
real time. To provide benchmark ROIs, we construct al-
ternative estimates of ỹij using the standard player form-
based (Elo, 1978) ratings, with an updating factor (K-
factor) of 20, and using all WTA match results since the
beginning of the 2007 season. We also use the more
sophisticated W-Elo forecasting model from Angelini et al.
(2021a).
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3. Results

3.1. Mispricing

Table 1 shows the results of estimating Eq. (3) for an
in-sample period of the 2015–2018 WTA seasons, using
as the dependent variable the value of the prediction
error according to the mean pre-match odds offered by
the Kj (normally 40–60) individual bookmakers (k =

1, . . . , Kj) listed by oddsportal.com for any given match:
ēij = yij −

∑Kj
k

(
zijk/Kj

)
. Column (I) only tests for a

favourite–longshot bias. We find on average a marginal
favourite bias, but this is not statistically significant. Col-
umn (II) adds the difference in the pre-match WTA rank-
ings of the players, RankDiffij, as a regressor, which is also
not statistically significant. When taken together with the
favourite–longshot bias, the null H0 : β1 = β2 = 0 cannot
be rejected, and there is no evidence that bookmaker
betting markets for WTA tennis matches are mispriced
according to the raw difference in ranks and the balance
of the odds between players.

In column (III) of Table 1, we replace RankDiffij with
our alternative measure of the rank distance between
players, RankDistij. This measure significantly predicts the
average bookmaker odds-implied forecast errors (p-value
= 0.035), and the null H0 : β1 = β2 = 0 can be rejected
at the 10% level. The model estimates suggest that the
probability of an unranked player winning against the
number one ranked player in the world is 0.061 greater
than what bookmaker odds tend to imply. In column (IV),
we add the third potential source of mispricing to the
model in the form of the Wiki Relative Buzz Factor. This
measure positively and significantly predicts the aver-
age bookmaker odds-implied forecast errors (p-value =

0.030). As mentioned before, on average the player with
a relatively larger pre-match increase in Wikipedia profile
page views tends to lose a tennis match. However, the
model estimates show that bookmaker odds generally
imply a further under-prediction of that player’s chances,
making her more of a longshot or less of a favourite
than she ought to be according to the Wiki Relative Buzz
Factor and conditional on the other variables in the model.
After including this source of mispricing in the model,
the estimated rank distance mispricing remains positive
and significant at the 10% level. In this specification, there
is a small conditional longshot bias, consistent with the
previous literature (Abinzano et al., 2016, 2019; Forrest &
Mchale, 2007; J., 2014), though here it is not statistically
significant. We can also reject the sufficient condition for
weak-form market efficiency, H0 : β1 = β2 = β3 = 0
at the 5% level. In column (V), we add tournament fixed
effects to the regression model: the estimates and test
results are practically the same.10 Table 2 shows results
comparable to Table 1 after adding to the estimation
samples matches from the 2019 and 2020 (before March)
WTA seasons, which we use below for the out-of-sample

10 We checked for misspecification of Eq. (3) using Ramsey RESET
tests and did not reject the null hypothesis; the data generating process
was not better approximated by including squared terms for any of the
regressors.

https://www.oddsportal.com/
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Table 1
Model estimates and tests of betting market mispricing for WTA match results, 2015–2018: in-sample
period only.

(I) (II) (III) (IV) (V)

Odds-implied probability −0.022 −0.061 0.002 0.025 0.025
(0.024) (0.040) (0.027) (0.029) (0.029)

WTA rank diff. (player–opponent) −0.013
(0.009)

WTA rank distance to opponent 0.061∗∗ 0.055∗ 0.055∗∗

(0.029) (0.029) (0.029)
Wiki Relative Buzz Factor 0.009∗∗ 0.009∗∗

(0.004) (0.004)
Constant −0.018 0.002 −0.031∗∗

−0.043∗∗∗
−0.042∗∗∗

(0.013) (0.022) (0.014) (0.015) (0.015)

Year/season fixed effects Yes Yes Yes Yes No
Tournament fixed effects No No No No Yes
F-test: H0 : β1 = β2 = β3 = 0 0.319 0.070 0.022 0.022
N of player-matches 15,854 15,826 15,854 15,854 15,854

Notes. ***, **, and * indicate significance from zero at 1%, 5%, and 10% levels, respectively, two-sided tests.
Standard errors in parentheses were estimated robust to both match- and tournament-level clusters.
Column (I): linear regression estimates of Eq. (3), where the dependent variable is the forecast error
implied by average bookmaker odds (oddsportal.com)—test of favourite–longshot bias.
Column (II): adds the pre-match raw WTA rank difference to the model in (I).
Column (III): uses the alternative differences in ranks measure described in the text—the coefficient
effect should be interpreted as an unranked player against the number one ranked in the world, relative
to two hypothetically equally ranked players.
Column (IV): adds the Wiki Relative Buzz Factor—preferred results.
Column (V): adds tournament fixed effects to the model in (IV).
Table 2
Model estimates and tests of betting market mispricing for WTA match results, 2015–2020: full sample
period.

(I) (II) (III) (IV) (V)

Odds-implied probability −0.009 −0.040 0.013 0.036 0.036
(0.020) (0.034) (0.022) (0.024) (0.024)

WTA rank diff. (player–opponent) −0.010
(0.008)

WTA rank distance to opponent 0.054∗∗ 0.049∗∗ 0.049∗∗

(0.024) (0.024) (0.024)
Wiki Relative Buzz Factor 0.009∗∗ 0.009∗∗

(0.003) (0.003)
Constant −0.025∗∗

−0.009 −0.037∗∗∗
−0.049∗∗∗

−0.047∗∗∗

(0.011) (0.018) (0.012) (0.013) (0.013)

Year/season fixed effects Yes Yes Yes Yes No
Tournament fixed effects No No No No Yes
F-test: H0 : β1 = β2 = β3 = 0 0.436 0.076 0.016 0.016
N of player-matches 21,044 20,992 21,044 21,044 21,044

Notes. ***, **, and * indicate significance from zero at 1%, 5%, and 10% levels, respectively, two-sided tests.
Standard errors in parentheses were estimated robust to both match- and tournament-level clusters.
See Table 1. Each column’s model estimates are equivalent to the respective columns in Table 1, but
here matches from the 2019 and 2020 WTA seasons are included in the estimation samples.
orecasting and market efficiency analysis. All of the mis-
ricing test results are robust to extending the sample
eriod in this way.
Heterogeneity in match location and time differences

ould perhaps be relevant to the impact of the Wikipedia
elative Buzz Factor. To address this, column (I) of Ta-
le 3 repeats the model estimates from column (IV) of
able 1, and then columns (II)–(IV) show results after cu-
ulatively dropping from the estimation sample matches

n time zones from the east, starting with UTC+11&12
Sydney/Auckland), then UTC+11&12 (Seoul/Tokyo), and
inally UTC+7&8 (Singapore/Hong Kong). The influence of
he Wiki Relative Buzz Factor and the rejection of the
ufficient condition of weak-form efficiency are robust to
ropping these matches from the estimation sample. After
1419
dropping matches from all six of the most eastern time
zones in the dataset, the mispricing in odds predicted by
the buzz factor is greater. This suggests that the Wikipedia
profile page views less than 24 h before the start of a
match may be less useful in predicting odds mispricing.
This would be consistent with the buzz factor being a
proxy for crowd judgements on the relative strengths of
players’ most recent performances within a tournament.
To test whether this could alone explain why the buzz
factor can predict bookmaker mispricing, in column (V)
of Table 3 we re-estimate the model only for matches
in the first round of tournaments. The coefficient on the
Wiki Relative Buzz Factor remains marginally significant
(p-value = 0.069) and is larger than when it is estimated
over all matches in tournaments. This suggests that the
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Table 3
Model estimates and tests of betting market mispricing for WTA match results, 2015–2018: preferred model and dropping time zones, and first-round
matches only.

(I) (II) (III) (IV) (V) (VI)

Odds-implied probability 0.025 0.036 0.037 0.043 0.053 0.077
(0.029) (0.030) (0.032) (0.035) (0.036) (0.057)

WTA rank distance to opponent 0.055∗ 0.061∗∗ 0.058∗ 0.023 0.108∗ 0.123
(0.029) (0.030) (0.030) (0.031) (0.064) (0.089)

Wiki Relative Buzz Factor 0.009∗∗ 0.010∗∗ 0.010∗∗ 0.014∗∗∗ 0.012∗ 0.017
(0.004) (0.004) (0.004) (0.005) (0.007) (0.010)

Constant −0.043∗∗∗
−0.049∗∗∗

−0.050∗∗∗
−0.053∗∗∗

−0.059∗∗∗
−0.071∗∗

(0.015) (0.016) (0.018) (0.018) (0.019) (0.030)

Drop UTC+11&12 No Yes Yes Yes No No
Drop UTC+9&10 No No Yes Yes No No
Drop UTC+7&8 No No No Yes No No
Year/season fixed effects Yes Yes Yes Yes Yes Yes
F-test: H0 : β1 = β2 = β3 = 0 0.022 0.017 0.019 0.027 0.069 0.165
N of player-matches 15,854 14,448 13,620 11,358 7208 3914

Notes. ***, **, and * indicate significance from zero at 1%, 5%, and 10% levels, respectively, two-sided tests. Standard errors in parentheses were
estimated robust to both match- and tournament-level clusters.
Column (I): repeats the preferred model estimates from column (IV) of Table 1.
Columns (II)–(IV): each column drops matches from an additional two time zones, starting with UTC+11&12 (Sydney/Auckland) and finally in column
(IV) dropping UTC+7&8 (Singapore/Hong Kong).
Column (V): estimates the preferred model from column (I) here but only using matches from the first round of tournaments.
Column (VI): also drops from the estimation sample of column (V) any first-round matches which involved a player with a world ranking greater
than 100 at the time (i.e., players who were very likely to have come through qualifying rounds in the previous week).
t

w
m
s
K
o
t
t
s
t
n
t
a
a
o
w
b
o
s
c

u
c
W
s
c
i

mispricing is not only driven by whatever happened in
the previous round of a tournament, which may have
generated interest in a player’s Wikipedia profile page. As
a further robustness check in this regard, in column (VI)
we estimate the model using only first-round matches
involving players who had a ranking no greater than 100
and, therefore, were less likely to have come through
qualifying rounds in the previous week before entering
the main draws of tournaments.11 In this smaller sample
f matches, the coefficient estimate for the Wiki Relative
uzz Factor is even larger than in the previous specifi-
ations, but it is also less precisely estimated and thus
tatistically insignificant at standard levels.
In summary, the results from estimating Eq. (3), and

he tests of mispricing by bookmakers, suggest that there
ight be inefficiencies in the final-result markets of ten-
is matches. These inefficiencies could be proven by bet-
ing on players who are substantially lower-ranked than
heir opponents or whose Wikipedia profiles show unusu-
lly high interest before matches.

.2. Market inefficiency and the betting strategy

Table 4 shows the results of applying the simple bet-
ing strategy described in Section 2.3, by using match
utcome probability predictions according to Eq. (4) and
pplying the Kelly criterion. We estimated the model
p to the end of the 2018 season, used this to forecast
atch outcomes in the 2019 and 2020 seasons, and then
pplied the Kelly criterion with these forecasts. Column
I) of Table 4 shows the results of the betting strategy
or a hypothetical bettor who could place bets at the

11 A refinement to this robustness check could less conservatively
exclude only matches that exactly included qualifiers, after collecting
data on the qualifying events, not least because some ‘wildcard’ players
with a ranking greater than 100 could have entered the tournament
directly.
 f

1420
average pre-match odds offered by the 40–60 bookmakers
sampled for each match. The average overround in these
markets in 2019 and 2020 (before March) was 5.3%. The
out-of-sample probability forecasts and Kelly criterion re-
sults suggest betting on 221 of the 5190 considered odds
(2595 WTA matches in the period), with a total amount
invested equal to 4.3 times the per-bet budget and a
return on investment (ROI) of −6.4%, which is no better
han the average bookmaker overround.

For curiosity, column (II) of Table 4 presents results
hereby the model was estimated and predictions were
ade using average odds but the best available out-of-
ample odds listed on oddsportal.com were used in the
elly criterion. In this case, a much greater proportion
f matches are bet on, the total amount invested over
he sample period is 76.6 times the per-bet budget, and
he ROI is 3.1%. However, despite the existence of ‘odd-
checker’ websites being available to the bettor, using
he best available odds just before a match begins is
ot normally realistic, due to the transaction costs and
ime involved with managing a large number of online
ccounts. Further, there are restrictions that can prevent
bettor from obtaining the best available odds listed on
ddsportal.com, such as the location of a bettor affecting
hich online sportsbooks can be used. This is evidenced
y the average overround according to the best available
dds being negative in the 2019 and 2020 WTA seasons,
uggesting that theoretical arbitrage opportunities were
ommon if not entirely practical.
As a more realistic test of bookmaker inefficiency, col-

mn (III) of Table 4 presents results from using the Kelly
riterion and the odds from only one online sportsbook.
e selected Bet365 because it is the highest-revenue

portsbook in the world and had odds listed on oddsportal.
om for almost every WTA match since 2015. From us-
ng the model’s predictions and the Bet365 odds, we

ind an out-of-sample ROI of 17.3%, which is generated

https://www.oddsportal.com/
https://www.oddsportal.com/
https://www.oddsportal.com/
https://www.oddsportal.com/
https://www.oddsportal.com/


P. Ramirez, J.J. Reade and C. Singleton International Journal of Forecasting 39 (2023) 1413–1423

t
a
r
T
p
w

Table 4
Out-of-sample betting strategy results for WTA match results, 2019–2020.

Average Best Bet365

w/out rank Elo W-Elo
(I) (II) (III) (IV) (V) (VI)

N odds (2 × J matches) 5190 5188 5156 5156 4796 4362
Number of bets placed 221 2350 312 276 1778 2058
Mean overround (%) 5.33 −0.23 6.46 6.46 6.48 6.49
Investment (×per bet budget) 4.30 76.63 7.15 4.99 295.36 941.39
Absolute return (×per bet budget) −0.27 2.34 1.24 1.44 −36.16 −116.50
Return on investment (%) −6.37 3.05 17.26 28.82 −12.24 −12.38

Notes. ‘Out-of-sample’ uses the model from column (IV) of Table 1 estimated on matches up to the end of the 2018 season, then uses it to predict
match outcomes and apply the Kelly criterion for the 2019 and 2020 seasons. Average odds are always used to estimate the models and generate
forecasts, but the odds used in the Kelly criterion are varied.
Column (I): uses the reported average pre-match available odds from oddsportal.com.
Column (II): uses the reported best available pre-match odds from oddsportal.com.
Column (III): uses pre-match odds from Bet365.
Column (IV): uses Bet365 odds but with a version of the preferred model estimated without the rank distance variable.
Column (V): uses Bet365 odds but with the standard Elo predicted probability forecast of the match outcome.
Column (VI): uses Bet365 odds but with the W-Elo predicted probability forecast of the match outcome, as per (Angelini et al., 2021a).
from placing bets according to the criterion on 12% of
the main draw WTA matches between the beginning of
2019 and March 2020, equivalent to investing 7.15 times
the per-bet budget. To check whether these profitable
opportunities are driven by the Wiki Relative Buzz Fac-
tor, we drop the rank distance measure from the model
estimation, with the results shown in column (IV). In this
case, fewer matches are bet on and less money is invested
according to the Kelly criterion, but the ROI is increased to
28.8% and the absolute return is also greater. To provide
a meaningful benchmark ROI using an alternative prob-
ability forecasting model of match results, also applied
with the Kelly criterion, the same samples of matches,
and the Bet365 odds, column (V) of Table 4 shows results
using the standard (Elo, 1978) ratings model described in
Section 2.3. The ROI from applying the betting strategy
with this alternative set of probability forecasts is −12.2%.
This model would also have led to substantial amounts
of betting activity and absolute losses over the sample
period, because of the frequency and magnitude of dif-
ferences between the simple Elo-predicted probabilities
of match outcomes and what bookmaker odds imply,
particularly leading to over-betting on longshots.12 As a
further comparison, column (VI) shows betting results
using W-Elo, which is a more sophisticated Elo forecasting
model of tennis match results that reflects contributions
by Kovalchik (2016) and Angelini et al. (2021a). This
model gives greater weight to past match wins at pres-
tigious tournaments and takes into account the margins
of victory that players achieved.13 However, the W-Elo

12 This is not necessarily an indictment of Elo ratings for tennis
forecasting and betting. Angelini et al. (2021a) show that standard Elo
ratings, a more conservative and sophisticated betting strategy, and
the best available odds from a sample of bookmakers, can be used to
generate positive betting returns for elite tennis matches.
13 To generate these ratings, we use an R package associated
with Angelini et al. (2021a), welo (Candila, 2021). When calculating
he W-Elo ratings, we restrict the data to only players who played
t least 10 WTA matches since the beginning of 2007, hence the
educed number of odds considered in the betting strategy analysis.
he parameters are set to those preferred by Angelini et al. (2021a):
layer starting points of 1500, Kovalchik (2016) scale factors, and
eights based on the number of games won rather than sets.
1421
model predictions, applied with the Kelly criterion and
Bet365 odds, generate a marginally worse ROI and over
three times greater absolute losses in our out-of-sample
period compared to the standard Elo model in column (V).

Finally, we check whether the betting returns from
using the Wiki Relative Buzz Factor are driven by sub-
sets of matches expected to be more or less competitive
by bookmakers. We estimate the same model over the
2015–2018 seasons and follow the same betting strat-
egy as in column (IV) of Table 4, which yielded an out-
of-sample ROI of 28.8%, except we consider matches in
particular odds ranges. The results in Table 5 show that
applying the model and betting strategy over matches
with intermediate odds, i.e., matches expected to be rel-
atively competitive, generates a marginally higher ROI
and a substantially higher absolute return than applying
it over all matches, and a substantially higher ROI than
applying it over matches expected to be relatively uncom-
petitive. In this way, the Wiki Relative Buzz factor tends
to be a stronger predictor of bookmaker mispricing when
matches are expected to be more competitive, and the
players involved are by implication more similar in their
ability or form.

In summary, a buzz factor about tennis players, con-
structed from their Wikipedia profile page-view data, pro-
vides relevant information that is not being fully incorpo-
rated into the match-result prices offered by bookmak-
ers. This information can be used to generate sustained
and substantial profits when used in a relatively simple
betting strategy.

4. Conclusion

In this paper, we constructed a measure of relative pre-
match buzz about tennis players using Wikipedia profile
page-view data. We found that this Wikipedia Relative
Buzz Factor can predict bookmaker odds-implied fore-
cast errors and the significant mispricing of outcomes,
suggesting profitable opportunities for bettors who back
players with relatively greater buzz than their opponents
going into a match. Using these results to forecast out-
come probabilities and the Kelly criterion to select how

https://www.oddsportal.com/
https://www.oddsportal.com/
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Table 5
Out-of-sample betting strategy results for WTA match result, 2019–2020: selecting sample odds based
on match competitiveness.

Bet365 odds

(I) (II) (III) (IV)

N odds (2 × J matches) 732 3459 4424 1697
Number of bets placed 4 87 363 263
Mean overround (%) 5.71 6.02 6.58 7.01
Investment (×per bet budget) 0.05 1.03 7.25 9.27
Absolute return (×per bet budget) −0.002 0.008 1.46 2.72
Return on investment (%) −3.02 0.81 20.11 29.38

Notes. Betting strategy results equivalent to column (IV) of Table 4, varying the sample of match odds
used in estimating the model and considered for bets by column. Average odds are always used to
estimate the models and generate forecasts, but Bet365 odds are used in the Kelly criterion.
Column (I): uses only odds in the sample which imply a match win probability of p ∈ (0, 0.2)∪ (0.8, 1).
Column (II): uses only odds in the sample which imply a match win probability of p ∈ (0, 0.4)∪ (0.6, 1).
Column (III): uses only odds in the sample which imply a match win probability of p ∈ [0.2, 0.8].
Column (IV): uses only odds in the sample which imply a match win probability of p ∈ [0.4, 0.6].
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uch to bet on what matches, we found that tennis
esult betting markets are inefficient. Prices do not fully
ncorporate the information contained in the buzz factor.
he returns on investment from applying the model and
etting strategy were sustained and substantial, including
hen using only the odds of Bet365, the world’s high-
st revenue online sportsbook. Two previous studies also
ound that online information representing the wisdom of
rowds can be used to form profitable betting strategies,
hough with much smaller rates of return than we found
n tennis markets (Brown & Reade, 2019; Peeters, 2018).
owever, it is unclear whether correcting these sources of
nefficiency would result in greater profits for bookmak-
rs. What we labelled as mispricing may correlate with
nobserved biases and heterogeneity among bettors that
ookmakers exploit when setting odds.
There are two natural extensions to this research.

he ‘wisdom of crowds’ might explain why a measure
onstructed from Wikipedia page-view data can predict
ookmaker mispricing. While this is an appealing and
lausible explanation, we have done nothing here to
rove it. This would require complementary data sources
hat capture explicit predictions about tennis match out-
omes or evaluations of the players, like the crowd-sourced
ootball transfer market values used by Peeters (2018).
he Wikipedia Relative Buzz Factor may only be capturing
elative changes in the media interest in tennis players
efore matches. If that were the case, then our results
ould perhaps be described more accurately as being
riven by the ‘wisdom of the media’, or by a small number
f tennis commentators and pundits who selectively draw
ttention to some players over others. Second, we can
hink of no good reason why the betting market ineffi-
iencies found here would be constrained to the top level
f women’s professional tennis. It would be interesting
or others to check whether these results apply to tennis
elow the WTA level, men’s tennis, or entirely different
ports. To this end, we have provided readily adaptable
eplication code and instructions for all our results on
GitHub page: https://github.com/philiprami/betting_on_
_buzz.
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