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Abstract 

This paper investigates the degree of weak form information efficiency in the European football 

betting market between 2010 and 2018. This is done by testing the possibility of earning abnormal 

returns when exploiting information contained in historical betting odds. My results identify several 

large deviations from market efficiency. First, it is shown that a strategy of systematically betting on 

overwhelming favourites delivers a significant abnormal and positive expected return of up to 3.02%. 

Second, my analysis detects the existence of arbitrage opportunities in 7.30% of all matches, so that a 

risk-free profit can be achieved frequently. Third, I find evidence of a strong bias for matches where 

the home odds quoted by different bookmakers on the same match experience large variations. I coin 

this as the ‘home-disagreement bias’. My results suggest that exploiting this bias by systematically 

betting on the home team in matches with the highest level of disagreement delivers a significant 

abnormal and positive expected return of up to 13.77%. My results are robust across different sample 

periods, to the use of real-time data and to out-of-sample tests. The persistent existence of profitable 

betting rules that are not exploited away casts serious doubt on the assumption of efficient betting 

markets and rationally behaving bettors. This, in turn, questions the degree of rationality and 

information efficiency prevailing in financial markets. 
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1. Introduction 

Sports betting markets represent a prosperous industry, especially since the emergence of online 

bookmakers in the last decade. At any point in time all types of events can be bet on from any place 

in the world, making this market accessible to a large number of people at low costs. Additionally, 

bettors can enjoy attractive redistribution rates due to increasing competition among bookmakers and 

associated falling margins. 

Betting markets produce information on the likelihood of uncertain outcomes of an event by offering 

bets whose pay-outs are contingent to the occurrence of these outcomes. Thus, betting markets 

aggregate information similar to the way financial markets produce information about uncertain 

assets´ pay-outs in the future. Consequently, an appropriate way to study the functioning of betting 

markets is to investigate their information efficiency, as the betting market represents a real-life 

example of an information market. 

The idea of information efficiency in financial markets originated as part of the efficient market 

hypothesis developed by Eugene Fama. A standard definition of the term is provided by Fama (1991, 

p. 1575): “I take the market efficiency hypothesis to be the simple statement that security prices fully reflect all available 

information.” Furthermore, Fama (1970) distinguishes three different forms of market efficiency, 

depending on distinct information subsets being used when testing the degree of efficiency 

empirically. These forms of market efficiency include weak form, semi-strong form and strong form 

efficiency. According to Vaughan Williams (2005), weak form information efficiency demands that 

current prices reflect all available information from a study of past prices and returns. As a 

consequence, the author argues that in a weakly efficient market it should not be possible to earn 

abnormal returns through a strategy of predicting future prices from past price information. Similarly, 

Fama (1970) states that the property of weak form efficiency can be tested by verifying that the sole 

use of information contained in historical prices does not yield abnormal returns.  

Direr (2011) points out that the concept of market efficiency also applies to sports betting markets, 

although it has originally been formulated for financial markets. For this, asset prices are replaced by 

betting odds. Therefore, weak form market efficiency in the context of sports betting requires that 

bettors cannot earn an abnormal return by selecting a class of bets on the basis of their historical odds 

and the correspondent returns.  

This paper investigates the degree of weak form information efficiency in the European football 

betting market. My dataset includes approximately 10 times more matches and odds from twice as 
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many bookmakers as most other studies on this topic.1 This enables me to derive robust results even 

when analysing the efficiency of sub-segments of the market, such as particular divisions or seasons. 

Furthermore, the size of my dataset enables me to investigate potential market biases on a granular 

level. 

 

1.1 Motivation 

As the paragraph above has highlighted, betting markets and financial markets can be analysed 

analogously with respect to information efficiency. Furthermore, betting markets offer odds on bets 

where the pay-offs depend on the uncertain outcome of a sporting event. Thus, betting odds contain 

information on the likelihood of outcomes similar to the way that asset prices in financial markets 

contain information about future uncertain pay-offs. 

Studying weak form information efficiency of sports betting markets, as opposed to studying 

efficiency of regular financial markets, yields a number of benefits. As Thaler and Ziemba (1988) 

declare, betting markets have an even better chance of being efficient than financial markets. The 

authors motivate this opinion with the fact that bettors receive immediate, quick and repeated 

feedback on their bets, which facilitates learning. Additionally, Thaler and Ziemba point out that a 

wager has a well-defined termination point, which is normally only a few minutes or hours away from 

the moment the bet is placed. At this termination point the pay-off of the bet becomes certain to all 

market participants. The authors consequently argue that expected returns on betting markets are 

simpler to compute compared to financial markets. Moskowitz (2015) presents a further motivation 

for studying the efficiency of betting markets, as opposed to studying financial markets: he 

demonstrates that betting markets are much cleaner to analyse as their pay-offs do not correlate with 

those of traditional financial markets. In addition, the author demonstrates that betting markets exhibit 

no systematic risk, so that the riskiness of betting returns is of purely idiosyncratic nature. 

Due to the functionality and structure of sports betting markets Direr (2011) comes to the conclusion 

that examining information efficiency of betting markets has advantages over studying traditional 

financial markets. Furthermore, he declares that the potential presence of persistent and significant 

deviations from weak form efficiency in betting markets allows conclusions to be drawn about the 

degree of efficiency and participants´ rationality in information markets in general.  

                                                 
1 As a comparison, Kuypers (2000) analyses a total of 3,382 matches, Dixon and Pope (2004) investigate 6,629 matches 
and Deschamps and Gergaud (2007) base their investigation on 8,377 matches. The only other study utilizing a dataset 
of comparable size to mine is done by Direr (2011). 
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Hence, the results and implications of this paper are not limited to betting markets. On betting 

markets, pay-offs and returns are determined to be rather simple, as they only depend on the actual 

outcome of sports events. Contrariwise, financial markets share many fundamental features of betting 

markets, but are much more complicated and carry systematic risk. Thus, if betting markets turn out 

to be inefficient then it is likely that financial markets experience inefficiency as well. 

 

1.2 Research Question 

This paper focusses on weak form market efficiency of sports betting markets by investigating the 

relationship between quoted odds and expected betting returns. As Vaughan Williams (2005, p. 114) 

states: “In a betting market which is weak form efficient, the expected return to betting at any identified odds or odds 

grouping should be identical.” Analogously, Kuypers (2000) argues that weak form efficiency in betting 

markets implies that no abnormal returns can be achieved by analysing historical odds and 

corresponding returns. Therefore, the standard approach in the literature is to test the possibility of 

earning such abnormal returns when betting at identified odds or odds groupings. These identified 

odds are chosen based on information regarding actual returns in the past. In an efficient market, any 

such strategy does not allow for significant and persistent abnormal returns, as all bets are expected 

to yield the same return. Throughout my investigations I define the expected return of the market as 

-1.80% from the bettor’s perspective.2 Therefore, any return that is statistically different from this 

value represents an abnormal return. 

I follow the approach of testing for the existence of expected abnormal returns in my analysis to cast 

light upon the degree of weak form efficiency of betting markets. Therefore, I address the following 

main research question in this paper: 

 

Does the use of information on historical betting odds and corresponding yields 

allow for abnormal expected betting returns? 

 

In order to answer this research question, I review the existing literature to reveal any evidence of 

deviations from market efficiency recorded by researchers previously. In the next step I investigate 

whether evidence of these biases is also present in my data. Therefore, I split my main research 

question in the following three subcomponents: 

                                                 
2 The expected market return of -1.80% corresponds to the average bookmaker margin when bets are placed on all 
outcomes at the best available odds. 
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Sub-question I: Is it possible to earn expected abnormal returns when placing bets based on 

the level of the odds? 

Sub-question II: Is it possible to earn arbitrage profits when placing multiple bets on the same 

match with different bookmakers? 

Sub-question III: Is it possible to earn expected abnormal returns when placing bets in 

accordance with the level of disagreement among several bookmakers, where the 

disagreement is based on the deviation of quoted odds? 

 

A greatly simplified example illustrates the basic approach employed to answer each of the sub-

questions. Let us assume a market with Bookmakers A and B, quoting the following home win, draw, 

and away win odds in European odds format for a given match.3 

 

 Home Draw Away 

Bookmaker A: 1.50 4.00 7.50 

Bookmaker B: 1.47 4.20 7.60 

 

According to both bookmakers, the home team is the favourite to win, whereas the away team is the 

underdog.4 Sub-question I investigates whether a strategy of betting at specific odds levels at all times, 

for example at odds below a certain threshold only, delivers an abnormal return. Thus, it aims to 

investigate whether the implied probabilities are in line with actual outcomes across different odds 

levels. 

Sub-question II checks whether risk-free profits can be made when placing bets on all outcomes of a 

match at the best available odds. In this example, such a strategy includes betting on the home team 

with Bookmaker A and placing a bet on a draw and the away team with Bookmaker B. However, no 

such arbitrage opportunity exists in this example.5  

Sub-question III examines whether the level of variation of the quoted odds can be used to earn 

abnormal returns. In our example, Bookmaker B quotes odds on the home team which are 2% below 

                                                 
3 European odds, also known as decimal odds, display the pay-off of a successful bet of one, including the initial stake. 

4 The implied probabilities of an outcome can be calculated as 
1

𝑑𝑗
, where 𝑑𝑗 denotes the odds on outcome 𝑗. For 

example, Bookmaker A quotes the home team at implied odds of 
1

1.50
= 66. 6%̅̅̅̅̅ . The mathematical relationships 

between odds and probabilities are covered in more detail in Chapter 2 of this paper. 

5 The sum of implied probabilities when using best available odds for each outcome is equal to 
1

1.50
+

1

4.20
+

1

7.60
=

1.0363. Thus, the bettor has a guaranteed return of -3.63% when placing his bets accordingly. 
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the home odds of Bookmaker A. On the other hand, the draw odds of Bookmaker B are 5% above 

that of Bookmaker A. Sub-question III aims at investigating whether such information on the degree 

of disagreement between different bookmakers, indicated by the magnitude of variation of the odds, 

can be used to achieve abnormal returns. 

 

1.3 Results 

My results identify several large deviations from market efficiency. First, I find evidence of a strong 

favourite-longshot bias in my data, which refers to the observation that betting at lower odds delivers 

a significantly higher expected return than betting at higher odds. It is shown that systematically betting 

on matches with odds of 1.34 or lower delivers a significant abnormal and positive expected return of 

up to 3.02%. Thus, my investigation reveals evidence of systematic abnormal returns when bets are 

placed on favourites. 

Second, my analysis detects the existence of arbitrage opportunities in 7.30% of all matches, so that a 

risk-free profit can be achieved frequently. On average, this profit amounts to an instant rate of return 

of 0.87%. Therefore, the betting market seems to allow for arbitrage profits when multiple bets on 

the same match are placed with different bookmakers. 

Third, I find evidence of a strong bias for matches where the home odds quoted by different 

bookmakers on the same match experience large variations. I refer to this bias as the ‘home-

disagreement bias’. My results suggest that exploiting this bias by systematically betting on the home 

team in matches with the highest level of disagreement delivers a significant abnormal and positive 

expected return of up to 13.77%. Hence, there is evidence of systematic abnormal returns when the 

level of disagreement among bookmakers is calculated and bets are placed on matches with the highest 

disagreement. 

Overall, my results imply that the sole use of information on historical odds and yields allow for 

abnormal expected betting returns, as my analysis implies the existence of several market biases. 

Strategies aimed at exploiting these biases produce significant and robust abnormal expected returns. 

In many cases, the expected return is even significantly positive. The persistent existence of profitable 

betting rules that are not exploited away casts serious doubt on the assumption of rationally behaving 

bettors. This, in turn, questions the degree of rationality and information efficiency prevailing in 

financial markets. 
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1.4 Scope and Structure 

The scope of this paper is twofold. The first part serves as an introduction to betting markets and 

reviews the existing literature on weak form efficiency in different sports betting markets. In doing so, 

the focus lies on previously discovered systematic biases in football betting markets as well as possible 

explanations for their occurrence. The second part of this paper utilizes the gained insights in order 

to examine the degree of efficiency in a sample of the European football betting market. This sample 

includes match outcomes and odds on 62,233 football matches played between the 2010/11 and the 

2017/18 season. Therefore, this paper adds to the small number of studies on the European football 

betting market, as the vast majority of research is still concentrated around horse racing markets.6 

Furthermore, to the best of my knowledge, this paper represents the only study which investigates the 

appearance of three different biases within the same underlying dataset. This offers the possibility to 

compare the findings on each bias and disclose potential interactions. 

The remaining part of this paper is organized as follows: The next chapter provides background 

information on sports betting markets, Chapter 3 provides an overview of the existing literature and 

presents the main findings of previous research, Chapter 4 describes the data used for my analysis. 

Chapter 5 presents my own analysis and is divided into three sub-chapters, each focussing on one 

bias. Section 6 summarizes the results and concludes. 

 

 

 

 

 

 

 

 

 

 

                                                 
6 Results from horse racing markets are not necessarily expected to hold for football markets, as both markets are 
organized differently and the number of contestants in horse races is usually much larger than the number of possible 
outcomes in a football match. Chapter 2 focusses on these differences in more detail. 



Efficiency of European Football Betting Markets  V. Kandaurov 

10 
 

2. Background on Sports Betting Markets 

In order to analyse the efficiency of sports betting markets thoroughly, it is necessary to be familiar 

with the basic structure, terminology and functioning of the betting industry. Therefore, this chapter 

forms the foundation for the subsequent theoretical and empirical investigation by clarifying the 

meaning of several forms of betting systems and odds styles, as well as illustrating how bookmakers 

compile their betting odds. Commonalities and differences of betting markets and financial markets 

are also reviewed in the final part of this chapter. 

 

 

2.1 Betting Systems 

In general, two different systems of sports betting exist, namely parimutuel betting and fixed odds 

betting.  

 

2.1.1 Parimutuel Betting 

The following definition of parimutuel betting markets is based on Ottaviani and Sørensen (2005). In 

parimutuel betting, the bookmaker collects all stakes placed on the different outcomes of a given event 

and gathers them into a single pool. The bookmaker then deducts any arising taxes, costs and fees as 

well as its own profit margin from this pool of money. After the outcome of the event is known, the 

bookmaker divides the remaining funds among those bettors who have placed their stakes on the 

winning outcome. 

A simple example illustrates the procedure: assuming a given race with three contestants, the following 

stakes are placed with the bookmaker, revealing how much was bet on each contestant. 

 

Contestant 1: 50,000 units 

Contestant 2: 30,000 units 

Contestant 3 40,000 units 

 

This results in a total betting pool of 50,000 + 30,000 + 40,000 = 120,000 units. Assuming that 

the bookmaker´s deductions for taxes, fees and own profit margin amount to 20,000 units and that 

Contestant 1 wins the race, a total of 120,000 − 20,000 = 100,000 units is divided among 50,000 
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units of winning bettors. Hence, for every wager of one on Contestant 1, the bettor receives 
100,000

50,000
=

2 units back, including the original stake. 

According to Ottaviani and Sørensen (2005), parimutuel betting is nowadays mostly used in horse 

racing and greyhound racing events, which is also where this form of betting has its origins.7 As the 

example above has shown, the returns and odds of a bet are not known at the time the bet is placed 

under parimutuel betting. This is due to the fact that the return of winning bets depends on the total 

size of the money pool as well as the overall amount of money placed on the winning contestant.8 

 

2.1.2 Fixed Odds Betting 

As opposed to parimutuel betting, under fixed odds betting the odds are well known at the time the 

bet is placed. The following definition is based on Ottaviani and Sørensen (2005). Fixed odds are 

quoted by bookmakers and represent the current price for placing a given bet with the respective 

bookmaker. The odds for a given bet are fixed in the sense that they cannot change for the respective 

bettor once he has placed his stake. Hence, the bettor knows the exact potential pay-off at the time 

of placing the bet. Naturally, the bookmaker may change the quoted odds as he wishes, for example 

because new information has become available or because he wishes to attract more money being 

placed on a certain outcome. However, these revised odds only affect new bets that are placed after 

the bookmaker has made the changes. The pay-off on bets already placed is unchanged.  

In the third chapter of this paper the existing literature on the efficiency of both parimutuel and fixed 

odds betting markets, is reviewed in order to reveal previously discovered biases from all existing 

studies on sports betting. However, the empirical analysis in this paper focusses on data for fixed odds 

betting in European football due to three reasons: First of all, according to Kuypers (2000), the betting 

market in European football is predominantly organized as a fixed odds betting market.9 Therefore, 

meaningful results regarding the efficiency of European football sports betting can only be drawn 

from this market. Secondly, following Woodland and Woodland (1994), fixed odds betting markets 

in general have the advantage that the exact returns on a bet are known in advance; the true probability 

of winning the bet is the only unknown. This makes the analysis of efficiency much more 

straightforward, as one’s reward does not depend on the behaviour of other bettors. Thirdly, Vaughan 

Williams (2005) states that competition among bookmakers is usually higher in fixed odds betting 

                                                 
7 The first parimutuel betting systems date back to the mid-1800s for on-site horse racing in the U.S. 
8 Most parimutuel bookmakers provide an indication of the current odds based on the stakes placed so far. However, 
the exact pay-outs and odds are only known once all bets have been placed. 
9 To the best of my knowledge, Tote Ireland is the only bookmaker in Europe who offers parimutuel betting for 
European football matches. 
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markets, so that market pressure drives down profit margins and increases the pay-out to bettors. This 

makes fixed odds betting more attractive to potential bettors, in turn making the market larger in size. 

 

2.1.3 Betting Exchanges 

A relatively modern phenomenon results from the emergence of betting exchanges, a subcategory of 

fixed odds betting. Vaughan Williams (2005) defines them as follows: On a betting exchange, people 

can either bet on a particular outcome at a given price or offer that price to another bettor. The 

exchange only exists to match the two parties and therefore acts as a broker. The person willing to bet 

on the outcome of an event in known as the ‘backer’ and acts in the same way as a traditional bettor 

placing a bet with a bookmaker. The person offering the price is known as the ‘layer’ and is basically 

taking the role of the bookmaker. The betting exchange therefore allows its clients to act as both, the 

bettor and the bookmaker. 

As Smith and Vaughan Williams (2008) point out, this setup is expected to reduce margins in the odds 

compared to those of traditional bookmakers, because every client can act as a bookmaker. The 

authors further note that in this sense, betting exchanges function very analogously to other trading 

platforms in traditional financial markets. Every client can either bet on a particular outcome by 

accepting the quoted odds (go long) or lay the bet by offering odds (go short). Furthermore, the 

difference in prices between backed and laid odds on the betting exchange is similar to bid-ask spreads 

in financial markets.10 

This paper, however, focusses on analysing the efficiency of fixed odds quoted by traditional online 

bookmakers. The main reason is the fact that the betting exchange market is still relatively small 

compared to the traditional fixed odds betting market.11 Smith and Vaughan Williams (2008) 

demonstrate that the liquidity for backed and laid odds on betting exchanges is only comparable to 

the liquidity of odds quoted by bookmakers in major football matches, such as Saturday evening 

Premier League matches. Therefore, this paper utilizes data for fixed odds quoted by several 

bookmakers in the empirical analysis in order to be able to analyse the efficiency of smaller football 

leagues and less appealing matches. 

 

 

                                                 
10 In addition to small differences between backed and laid odds the betting exchange also charges a commission fee for 
its operations, which widens the gap between the two odds. According to Vaughan Williams (2005), this fee normally 
varies between 2% to 5% of the stake. 
11 According to recent data published by Allen (2018), the market share of betting exchanges is still below 10% of the 
overall sports betting market. 
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2.2 Different Odds Formats 

It is common practice in sports betting that the likelihood of the outcome of an event is not quoted 

in percentages, but in the form of odds. These odds indicate the pay-out to a successful wager. 

However, different formats of quoting odds exist around the world and their notation must be 

understood in order to interpret them correctly. Definitions for the three most popular formats, 

namely European odds, English odds and American odds, are presented in the following part. The 

definitions are based on Cortis (2015).12  

 

2.2.1 European Odds 

European odds, also known as decimal odds, display the pay-off of a successful wager of one, 

including the initial stake. Hence, betting 100 units on an outcome with odds of 2.2 results in a pay-

out of 100 ∗ 2.2 = 220 units for a profit 220 − 100 = 120 units, if the bet is successful. Thus, 

European odds are quoted as the inverse of the implied probability of the occurrence of given event. 

 

2.2.2 English Odds 

English odds, also referred to as fractional odds, represent the pay-off of a successful wager of one, 

excluding the initial stake, and are displayed as a ratio to the wager with all values being integers. Using 

the same example as above, betting 100 units on an outcome with odds of 
6

5
 results in the identical 

pay-out of 100 ∗
6

5
+ 100 = 220 units and a profit of 100 ∗

6

5
= 120 units, if the bet is successful. 

Therefore, English odds are calculated as the ratio of the implied probability of an outcome not 

occurring to the implied probability of an outcome occurring. 

 

2.2.3 American Odds 

American odds, also called money line odds, are shown as either positive or negative values. Positive 

figures are used for outcomes that have a probability of less than 50% and represent the return of a 

successful wager of 100 units, excluding the stake. Negative values are used for outcomes that have a 

probability higher than 50% and display how much needs to be wagered for a profit of 100 units. 

Using the example of above analogously, wagering 100 units on an outcome with odds of +120 again 

                                                 
12 For a discussion on more exotic odds styles, such as Hong Kong, Indonesian and Malaysian odds the reader is also 
referred to Cortis (2015). 
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results in a pay-out of 1 ∗ 120 + 100 = 220 units for a profit of 1 ∗ 120 = 120 units, if the bet is 

successful. 

 

2.2.4 Mathematical Notation of Odds 

Following Cortis (2015), summarizing the above results mathematically, the odds on outcome 𝑖 with 

implied probability 𝜋𝑖 to occur would be quoted as shown below under the different odds formats: 

 

European: 
1

𝜋𝑖
 (1) 

 

English: 
1 − 𝜋𝑖
𝜋𝑖

 (2) 

 

American: 

{
 

 +100
1 − 𝜋𝑖
𝜋𝑖

 𝑓𝑜𝑟 𝜋𝑖 ≤ 0.5

−100
𝜋𝑖

1 − 𝜋𝑖
 𝑓𝑜𝑟 𝜋𝑖 > 0.5

 (3) 

 

Although the various formats of odds can be used interchangeably and essentially represent the same 

pay-outs, European odds are used throughout the remainder of the paper to reduce confusion. Hence, 

all presented odds display the pay-out of a successful unit wager, including the initial stake. 

 

 

2.3 How Bookmakers Set Odds 

As the paragraph above has shown, the implied probability of a particular outcome of an event can 

be computed by taking the inverse of the European odds quoted on this outcome. Therefore, 

Fingleton and Waldron (1997) argue that, in a perfectly competitive market with risk-neutral 

bookmakers, no taxes, levies or other costs and no insider information on the part of bettors, the sum 

of the implied probabilities for all possible outcomes of a given event are equal to one. This is in line 

with Cortis (2015), who presents a mathematical proof for the fact that if the implied probabilities of 

an event add up to less than one, bettors can profit from arbitrage opportunities by wagering on all 

outcomes simultaneously. However, Fingleton and Waldron (1997) state that, in reality, one can 
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observe that the implied probabilities for an event sum up to more than one, for which the authors 

name four reasons. Firstly, bookmakers might incur positive operating costs, such as licencing fees 

and labour and equipment expenses. Secondly, the authors argue that bookmakers may collude or 

otherwise avoid perfect competition so that they can enjoy some form of positive monopoly rent. 

Thirdly, in the case that bookmakers are somewhat risk-averse they incorporate a risk premium and 

thus implied probabilities exceed competitive levels. Fourthly, Fingleton and Waldron argue that, in 

order to insure against bettors having inside information unknown to the bookmakers, the quoted 

implied probabilities are set above the competitive level. This finding is very closely related to Shin 

(1991), who models a situation under which some bettors have superior information than that of the 

bookmaker. Under these assumptions the author reasons that betting odds have to diverge 

systematically from the true winning probabilities as bookmakers try to limit the magnitude of losses 

due to insider´s activities. Cortis (2015) confirms this finding by stating that a bookmaker risks a 

negative expected profit if implied probabilities on any outcome were smaller than the actual 

probabilities. Hence, Cortis argues that a bookmaker must follow two fundamental rules when setting 

the odds for an event. First, implied probabilities must be equal to or greater than actual probabilities 

for every outcome. Second, the implied probabilities across all outcomes of an event should add up 

to at least 100%. 

The amount by which the sum of implied probabilities for all outcomes of an event is greater than 

100% is referred to as the margin (Cain, Law, and Peel (2003)) or the over-round (Kuypers (2000)). 

For example, let us assume the following quoted odds for a football match: 

 

Home win: 1.7 

Draw: 3.6 

Away win: 5.2 

 

The sum of the implied probabilities in this example is equal to 
1

1.7
+

1

3.6
+

1

5.2
= 1.0583. Thus, it 

follows that the bookmaker margin is equal to 1.0583 − 1 = 0.0583 = 5.83%. Cortis (2015) 

demonstrates that, given this margin, the expected profit for a bookmaker is given by 
𝑘

1+𝑘
, where 𝑘 

denotes the above calculated margin. In our example the expected profit therefore amounts to 

0.0583

1.0583
= 0.0551 = 5.51%. Levitt (2004) further proves that the bookmaker retains a riskless profit 

of exactly the ratio 
𝑘

1+𝑘
 if wagers on each outcome are spread in proportion to the implied probabilities 

of each outcome. The situation in which a bookmaker manages to equalise the quantity of money 
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wagered on each outcome in proportion to the implied probabilities is referred to as a bookmaker 

‘balancing his book’ (Levitt (2004); Kuypers (2000); Fingleton and Waldron (1997)). Cortis (2015) and 

Levitt (2004) both argue that bookmakers can simply set and, if necessary, modify their quoted odds 

up to the point where they reach a balanced book to secure themselves the above derived riskless 

profit. Under this scenario a bookmaker increases (decreases) the odds of an outcome that has 

attracted proportionally less (more) money than its implied probability demands. Doing so is expected 

to attract more (less) money wagered on the particular outcome, until the book is balanced. 

In contrast to these findings Kuypers (2000) presents a model in which every bettor forms subjective 

probabilities on the likelihood of each outcome of an event. Bettors then compare their subjective 

probabilities with the probabilities implied by the quoted odds and bet on the outcome which 

maximizes the difference between the two. Thus, bettors wager on an outcome if their subjective 

probability is greater than the implied probability. Kuypers further assumes that a given proportion of 

bettors have certain biases or preferences towards one team or another, for example they overestimate 

the strength of their local team, while all other bettors act rationally. The author shows that if the 

bookmaker is aware of these preferences and acts as a profit maximizer, the bookmaker can increase 

his expected profit by deviating from forming a balanced book. Levitt (2004) supports this view 

claiming that the bookmaker can skew the odds and leave his book unbalanced to increase his expected 

profit if bettors prefer betting on, for example, their favourite team. Shin (1991) also argues that it 

may be optimal for a bookmaker to quote odds so that his book is unbalanced as a reaction to bettors 

with superior knowledge and inside information.  

Further evidence supporting this proposition is given by Fingleton and Waldron (1997). They observe 

that the bookmaker margins increase with the number of possible outcomes an event can produce. 

For example, the bookmaker margin in horse races with 20 horses is greater than in races with only 

five horses. The authors justify their finding by stating that bookmakers must skew the odds, especially 

on outsiders, in order to protect themselves against insider betting on these outsiders. Otherwise the 

bookmaker runs the risk of bankruptcy in cases where an outcome has virtually no chance of occurring 

and hence incredibly high odds. However, in skewing these odds and thus quoting prices which are 

not risk-neutral, the bookmaker is likely to have an unbalanced book. 

In summary, Bookmakers may set their odds in an attempt to balance their books and consequently 

earn a profit equal to
𝑘

1+𝑘
, where 𝑘 denotes the margin added by the bookmaker. However, there is 

growing evidence that bookmakers may be able to maximize their profit by quoting adjusted prices. 

Bookmakers achieve this by skewing the odds for certain outcomes and leaving their book unbalanced. 

Levitt (2004) argues that bookmakers may increase their gross profit margins by up to 30% by 

following such a strategy, as compared to balancing their books. 
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2.4 Commonalities of Betting Markets and Financial Markets 

Fama (1970) argues that the stock market is an information market rather than a service industry. He 

further claims that that an efficient information market is one in which prices fully reflect all available 

information. On this basis, Jensen (1978) states that markets are considered to be efficient if it is 

impossible to make economic profits by trading on the basis of information included in a defined 

information set. Fama (1970) distinguishes three different forms of testing market efficiency, based 

on distinct information sets used for the analysis, namely:  

• Tests of weak form efficiency, using historical prices or return sequences only; 

• Tests of semi-strong efficiency, using all obviously publicly available information; and 

• Tests of strong efficiency, using all information available, including any information over 

which a certain group has a monopoly, such as insider information. 

Analogously, Kuypers (2000) argues that weak form efficiency in betting markets implies that no 

abnormal returns, neither to the bookmaker nor to the bettor, can be achieved using information 

contained in historical odds only. The author defines abnormal returns as returns different from the 

bookmaker margin. He further states that semi-strong efficiency in betting markets implies that, in 

addition to historical odds, using publicly available information should also not allow for abnormal 

returns. Such publicly available information may include the recent form of a team or injury updates 

for a key player. Ultimately, Kuypers argues that strong betting market efficiency implies that no group 

in society can make abnormal returns, not even on the basis of insider information. 

As the above definitions of different forms of market efficiency have shown, financial markets and 

betting markets can be analysed analogously with respect to information efficiency. Levitt (2004) 

suggests that there are many more similarities between trading in financial markets and wagering in 

sports betting markets. Firstly, he argues, both markets are characterised by investors with 

heterogeneous beliefs and different levels of information who intend to profit from trading as the 

level of uncertainty decreases over time. Secondly, sports betting and trading in financial derivatives 

are both zero-sum games with one trader on each side of a transaction, according to the author.13 

Thirdly, he notes that in both markets large amounts of money are at stake.  

Shin (1991) states that the betting market is an actual example of a contingent claims market. He 

suggests that a bet on a certain outcome behaves like an Arrow-Debreu security, as it generates a 

positive pay-out in just one unique state of the world and zero otherwise. Its price is then precisely 

defined by the quoted odds. Furthermore, the author infers that odds are usually offered on all possible 

                                                 
13 Naturally, this is only true as long as transaction costs, such as bid-ask spreads and margins, are not taken into 
account. 
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outcomes of an event, which is equivalent to the notion that all basic securities are traded, so that 

market incompleteness is ruled out. Shin concludes by remarking that the task of a bookmaker to 

quote optimal odds is equivalent to the task of a market maker in financial markets to post optimal 

bid and ask prices against investors. 

Besides the above-mentioned similarities, assessing the efficiency of betting markets yields a number 

of benefits, compared to analysing financial markets. As Thaler and Ziemba (1988) point out, a wager 

in a betting market has a well-defined termination point after which its value becomes certain to all 

market participants. Additionally, the initial wager and the termination point of the bet are usually only 

a few minutes or at most several hours apart. Consequently, the authors argue that several problems 

with regards to evaluating future dividends or discounting future pay-outs do not arise when analysing 

betting markets. Furthermore, Thaler and Ziemba are of the opinion that, a priori, betting markets 

have a better chance of being efficient as they facilitate leaning. This is due to the fact that bettors 

receive immediate, quick and repeated feedback on their trades. Shin (1991) also notes that a bet 

behaves like a binary derivative, as a bettor can only either win at the quoted price or lose the entire 

stake. In contrast, most stocks or other financial instruments can, in theory, generate a pay-out of 

infinitely many possibilities. Moskowitz (2015) presents a further motivation for studying betting 

markets instead of financial markets. He demonstrates that betting markets are much cleaner and less 

error-prone to analyse as they do not correlate with traditional financial markets. Moskowitz shows 

that sports betting returns appear to be uncorrelated to stock market returns and consequently he 

states that the betting market exhibits no systematic risk. The return of sports bets is therefore purely 

driven by idiosyncratic risk.  

Notwithstanding these similarities between financial markets and betting markets, there is one major 

difference between the two, which is the distinct way the markets are organized. As Levitt (2004, p. 

223) puts it: “In most financial markets, prices change frequently. The prevailing price is that which equilibrates supply 

and demand. The primary role of market makers is to match buyers with sellers. With sports wagering […] market 

makers (i.e. bookmakers) simply announce a ‘price’ (which can be odds to win a game) after which adjustments are 

typically small and relatively infrequent.” 

According to Levitt, this difference in the frequency and magnitude of price changes arises from the 

fact that bookmakers are better at predicting match outcomes than the average bettor.14 Thus, the 

author concludes that there is a fundamental difference between betting and financial markets. He 

claims that in betting markets it seems possible to find a small set of individuals who can systematically 

predict future events better than the market, namely the odds makers. In contrast, he argues that the 

flow of inside information in financial markets, as well as the enormous complexity of the financial 

                                                 
14 As pointed out in the preceding subchapter on how bookmakers set their odds, this circumstance leads profit 
maximizing bookmakers to skew their odds and leave their books unbalanced. 
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market itself, make it impossible for one individual to do better than the market. As evidence for this 

statement Levitt presents the observed inability of fund managers to systematically beat the market 

index over an extended period of time, whereas bookmakers seem to be able to systematically increase 

their gross profit margins by leaving their book unbalanced. 
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3. Literature Review 

Feddersen (2017) argues that the empirical literature on the efficiency of sports betting markets can 

generally be classified into three categories. He defines the first category as those empirical studies 

that aim at testing the informational efficiency based on betting rules. Examples include Direr (2011), 

Deschamps and Gergaud (2007) and Vlastakis, Dotsis, and Markellos (2009), who solely use 

information on historical betting odds to create profitable betting strategies. If such strategies are 

indeed profitable this clearly contradicts the hypothesis of weak market efficiency, according to the 

author. Next, Feddersen (2017) creates a second category of those studies that exclusively use 

regression-based tests to identify whether betting odds represent an unbiased estimator of the true 

outcome of an event. For instance, Cain, Law, and Peel (2000) and Pope and Peel (1989) undertake 

such analyses. The third category consists of studies that focus on forecasting individual match results 

indirectly or directly, for example by modelling the number of home and away goals in a football 

match or by using discrete choice regressions. Among others, Kuypers (2000), Goddard and 

Asimakopoulos (2004) and Forrest, Goddard, and Simmons (2005) follow such an approach. 

However, most of these studies include additional publicly available information, such as the recent 

form of a team, the difference in league rankings or the geographical distance between the teams´ 

home towns. Therefore, these studies aim at testing semi-strong efficiency of the betting market. The 

analysis conducted in this paper focusses on economic-based tests of weak form market efficiency 

and thus adds to the existing literature of Feddersen´s first category. There are mainly two reasons for 

this. Firstly, only historical odds are used for the analysis in order to uncover potential inefficiencies 

that exist systematically across the market. Secondly, testing market efficiency based on betting 

strategies allows not only an inference of whether the market experiences inefficiencies or not, but 

also whether inefficiencies are large enough to be exploited economically in the form of abnormal and 

positive returns. 

Empirical research on the efficiency of betting markets has its roots in the investigation of parimutuel 

horse race betting. Early work on this matter has been done by Griffith (1949), McGlothlin (1956) 

and Snyder (1978). In subsequent work researchers also focus on betting markets of many other 

American team sports, such as Woodland and Woodland (1994) in their analysis of the Major League 

Baseball (MLS), Gray and Gray (1997) who focus on the National Football League (NFL) and 

Woodland and Woodland (2001) in their analysis of betting in the National Hockey League (NHL). 

Pope and Peel (1989) and Cain, Law, and Peel (2000) were among the first to turn their focus on 

wagering in the European football fixed odds market, as both studies examine the efficiency in UK 

football betting. Although the majority of research on European Football is still focussed on football 

in England and the UK, more recently a number of studies have also employed data from leagues 
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outside the UK. Such examples include the analysis of Rossi (2011) for the Italian betting market, 

Koning (2012) in his analysis of betting in the Netherlands and Direr (2011), who examines a total of 

21 different football leagues across Europe. 

The following part presents and discusses the main biases and market distortions identified by the 

academic literature to date. Namely, these include the favourite-longshot bias, as well as arbitrage and 

quasi-arbitrage opportunities. 

 

 

3.1 Favourite-Longshot Bias 

According to Feddersen (2017), the favourite-longshot bias represents by far the most cited and tested 

market anomaly within the empirical literature on betting market efficiency. As the author explains, 

the bias describes the tendency that returns of bets placed on favourites are found to be systematically 

higher than returns of betting on longshots. Put differently, Vaughan Williams (2005) defines the 

favourite-longshot bias as an anomaly under which at lower odds the subjective probabilities attached 

to a successful outcome tend to understate the objective probabilities, and vice versa for higher odds. 

Sobel and Ryan (2008) point out that in an efficient market betting on favourites and betting on 

longshots are expected to result in the same return. Hence, the authors argue that the existence of a 

favourite-longshot bias clearly contradicts the hypothesis of weak form market efficiency. 

 

3.1.1 Existing Research on the Favourite-Longshot Bias 

Preston and Baratta (1948) and Yaari (1965) were among the first to test for the potential of varying 

returns at different odds through laboratory experiments. Preston and Baratta present evidence that 

participants in their study seem to have an indifference point when evaluating the likelihood of events. 

Below this indifference point subjective probabilities are found to be objectively too large, while the 

subjective probabilities are too small above this point. This finding is in line with the definition of 

Vaughan Williams (2005), who describes the favourite-longshot as a situation where bettors 

overestimate the likelihood of unlikely events and underestimate the probability of likely events. 

The work of Griffith (1949) represents the first investigation of the bias under non-laboratory 

conditions. The author analyses the parimutuel betting market for 1,400 US horse races in 1947. His 

results confirm the existence of a favourite-longshot bias as higher returns were achieved when betting 

on horses at lower odds (favourites), as opposed to betting at higher odds (longshots). 
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Over time, a large number of academic studies has confirmed the existence of the favourite-longshot 

bias for horse racing in different countries. Among others, Snyder (1978) and Asch, Malkiel, and 

Quandt (1982) find evidence for the bias in the US, Henery (1985) for UK data and Hausch and 

Ziemba (1990) for horse races in Australia. However, a few studies with contradicting results exist as 

well. Busche and Hall (1988) find no evidence of a favourite-longshot bias for racetracks in Hong 

Kong and Busche (2008) further confirms this result for tracks in Hong Kong and Japan. Swidler and 

Shaw (1995) similarly document no favourite-longshot bias for a small US horse race track. 

The investigation of Cain, Law, and Peel (2003) suggests that the favourite-longshot bias also exists 

in a variety of other types of sports. The authors present evidence for the appearance of the bias in 

snooker, tennis, boxing and cricket. Consistent to these findings, Cain, Law, and Peel (2000) confirm 

the bias to be present in greyhound racing in the UK and Gray and Gray (1997) detect a favourite-

longshot bias for NFL betting in the US. One notable exception is presented by Woodland and 

Woodland (1994). Their investigation of the baseball betting market in the US reveals the tendency 

that betting on longshots generates a higher average return than betting on favourites. Woodland and 

Woodland define this anomaly as a reverse favourite-longshot bias. Woodland and Woodland (2003) 

confirm the results of their original study with ten years of additional data and Cain, Law, and Peel 

(2003) also find week evidence of a reverse bias in baseball betting. 

With regards to European football the evidence of a favourite-longshot bias is somewhat mixed. Cain, 

Law, and Peel (2000) confirm the existence of the bias for 2,855 English Football League games during 

the season of 1991/92. The authors also confirm the bias to be present when betting on the exact 

result of a match. They discover that betting on favourite scorelines, such as a 1-0, 2-0 or 2-1 home 

win, resulted in a higher return than betting on longshot scorelines, such as a 4-4 draw or a 5-4 away 

win. However, their results also suggest that in general the bias is not large enough to yield a positive 

return to the bettor. Similarly, Deschamps and Gergaud (2007) report the existence of a favourite-

longshot bias but fail to construct a betting strategy with positive returns based on the bias. Direr 

(2011) analyses almost 80,000 football games across 21 different leagues in Europe, which represents 

by far the largest sample investigated in the context of European football. He presents evidence not 

only of a strong favourite-longshot bias but also translates this into a profitable betting strategy 

offering positive returns of up to 4.45%. 

In contrast, Forrest, Goddard, and Simmons (2005) analyse a total of almost 10,000 football matches 

played in the UK and find no evidence of a favourite-longshot bias. In their analysis of 6,660 matches 

between 1993 and 1996 Dixon and Pope (2004) even report evidence for the existence of a reverse 

favourite-longshot bias, similar to the reverse bias documented by Woodland and Woodland (1994) 

for the baseball betting market in the US. Furthermore, Dixon and Pope demonstrate that the reverse 
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bias is capable of generating positive and statistically significant abnormal returns, although the 

expected return is only marginally greater than zero on average. 

 

3.1.2 Explanations for the Existence of the Favourite-Longshot Bias 

In addition to presenting empirical evidence, several theories aimed at explaining the existence of a 

favourite-longshot bias have been developed in the literature. The following part summarises the 

evolution of the main explanations chronologically.  

The first theoretical explanation of the favourite-longshot bias was developed by Griffith (1949). He 

proposes that the bias is a result of psychological biases on the part of bettors, who systematically 

overestimate the likelihood of small probability events and underestimate large probabilities. 

Consequently, this reasoning is very closely related to the work of Preston and Baratta (1948), who 

give evidence for this kind of psychological bias in laboratory experiments. Thus, according to Griffith 

(1949) the favourite-longshot bias exists solely because bettors underbet favourites and overbet 

longshots. At the same time the bookmaker aims at balancing his book and therefore decreases the 

odds for longshots and increases them for favourites to attract proportional flow of money on each 

outcome. 

A second explanation was put forward by Weitzman (1965), who argues that the favourite-longshot 

bias results from a preference for risk on the part of bettors. The author demonstrates that the return 

variance of a bet is larger for longshots than it is for favourites, as the former pays out a higher amount 

less frequently. The author states that if bettors are risk-loving or skewness-loving with regards to 

their pay-out, the price of longshots will be relatively higher. Among others, Hamid, Prakash, and 

Smyser (1996) present evidence supporting the claim that bettors are risk-loving, while Golec and 

Tamarkin (1998) support the assumption of skewness-loving bettors. In both cases, the result is a 

lower expected return for bets on longshots, which bettors are willing to accept in order to satisfy 

their preference for higher risk or more skew.  

A similar explanation of the favourite-longshot bias was developed by Snyder (1978). The author 

proposes that bettors behaviour is utility maximizing, rather than profit maximizing, whereby a bettor 

may derive exceptionally high utility from betting on longshots. As Snyder (1978, p. 1113) notes: 

“Indeed, the main reward of horse betting comes from the thrill of successfully detecting a moderately long-odds winner 

and thus confirming one's ability to outperform everyone.” Following this reasoning, bettors tend to overbet 

longshots, which results in lower odds and a lower expected return.  

Shin (1991) delivered a different explanation for the existence of the favourite-longshot bias. He 

assumes that the favourite-longshot bias exists due to rationally acting bookmakers rather than biased 



Efficiency of European Football Betting Markets  V. Kandaurov 

24 
 

bettors. Shin considers a situation under which an uninformed and profit maximizing bookmaker 

faces a heterogeneous population of bettors for an event with two possible outcomes. Some bettors 

are perfectly informed insiders, who know the outcome of an event a priori. The remaining bettors 

are uninformed outsiders, have heterogeneous beliefs which are uniformly distributed and act as noise 

traders in the model.15 By solving the model Shin proves that the bookmaker sets his odds according 

to 
𝜋1

𝜋2
= √

𝑝1

𝑝2
.  𝜋1 and 𝜋2 represent the implied winning probabilities of outcome 1 and 2, respectively, 

derived from the quoted odds. 𝑝1 and 𝑝2 denote the true probabilities of outcome 1 and 2. Shin refers 

to this proposition, which tends to understate the difference in the winning probabilities of the two 

outcomes, as the ‘square-root rule’. According to Shin (1992) the following intuition is inherent in this 

rule: The revenue of the bookmaker falls linearly as he decreases the odds for a particular outcome 

due to less bettors willing to place their wager at the lowered odds. At the same time the cost to the 

bookmaker if this particular outcome is realized depends on the number of bets placed on this 

outcome, which again depends on the amount of wagers on the outcome, as well as the quoted odds. 

The cost to the bookmaker therefore falls at a rate of 
1

𝜋𝑖
2 as he decreases the quoted odds. As this 

expression is large for small values of 𝜋𝑖 the bookmaker avoids setting very high odds, even for low 

probability outcomes. The result is that the profit maximizing bookmaker decreases the odds quoted 

on longshots and increases the odds on favourites in order to protect himself from the superior 

knowledge of informed insiders.16 Consequently, the favourite-longshot bias arises. 

A similar explanation of the favourite-longshot bias was brought forward by Hurley and McDonough 

(1995). They consider a model with two types of bettors: informed bettors who know the true 

probabilities of each outcome and uninformed bettors who do not. The uninformed bettors are 

expected to bet an equal amount of money on an event with two possible outcomes, as they cannot 

distinguish favourites from longshots. However, the informed bettors will take advantage of this and 

bet on the favourite outcome as long as the true probability of the outcome is larger than the 

probability implied by the odds. This strategy yields a positive expected profit up to the point where 

the implied probability of the favourite is equal to or smaller than the true probability. However, 

Hurley and McDonough argue that positive transaction and information costs, such as the bookmaker 

margin and recourses necessary to become an informed bettor, induce the subjective probability to 

systematically diverge below the true probability for favourites. The resulting odds are thus too high 

                                                 
15 Due to this setup the bookmaker only engages in the market due to the presence of these outsiders. Otherwise the 
bookmaker would make a certain loss at any quoted odds above one. 
16 A different way to approach these dynamics is to realize that the risk to the bookmaker is much higher when insiders 
know that a longshot is going to win, compared to inside knowledge about favourites. In an extreme case the 
bookmaker runs the risk of bankruptcy if many bettors correctly forecast the realization of an outcome with very high 
odds. 
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for the favourite and too low for the longshot, compared to the true probabilities of winning. Hence, 

the usual favourite-longshot bias exists. Terrell and Farmer (1996) support this view and argue that 

ultimately the favourite-longshot bias exists due to positive transaction and information costs on the 

part of bettors. 

In summary, a large range of empirical literature documents the existence of a favourite-longshot bias 

for several kinds of sport. Some notable exceptions include horse racing events in Hong Kong and 

Japan and baseball betting in the US, while evidence for European football wagering is also mixed. 

Furthermore, several explanations exist in order to explain the favourite-longshot bias. While earlier 

explanations mostly focussed on cognitive biases or preferences on the part of bettors, later studies 

concentrated on the behaviour of rationally acting bookmakers. However, no single and generally 

accepted explanation for the occurrence of the bias exists to this day, so that a combination of several 

factors is likely to be the cause. 

 

 

3.2 Arbitrage Opportunities 

Another bias that has been investigated in the literature is the possibility of arbitrage profits in betting 

markets. However, Vlastakis, Dotsis, and Markellos (2009) point out that this bias has received 

relatively little attention in the past, especially with regards to international studies. The authors explain 

this by the fact that betting markets have traditionally been comparatively segmented across countries 

and competition between bookmakers within the same sport has been quite low. Additionally, data 

limitations and the lack of information on odds from several bookmakers hindered the analysis in the 

past, especially before online bookmakers came into being. 

As discussed in the first part of this paper a single bookmaker always sets odds in a way that the 

implied probabilities among all possible outcomes of an event sum up to more than one. The amount 

by which the sum exceeds one represents the bookmaker margin. Hence, in order to realize an 

arbitrage a bettor must place bets with more than one bookmaker. As Vlastakis, Dotsis, and Markellos 

(2009) note, the concept behind arbitrage betting is thus to reverse the margin to the benefit of the 

bettor. This is done by taking advantage of differences in the quoted odds from multiple bookmakers 

on the same event. Doing so is referred to as creating an ‘under-round book’. The bettor is expected 

to earn a risk-free profit if it is possible to generate such an under-round book by selecting the 

maximum odds for every outcome of a match from a set of bookmakers. The profit is then equal to 

𝑘

1−𝑘
, where 𝑘 denotes the magnitude of the under-roundness of the book, calculated as the absolute 

difference between the sum of all implied probabilities and one. 
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3.2.1 Existing Research on Arbitrage Opportunities 

Among the first to test the occurrence of arbitrage opportunities empirically were Hausch and Ziemba 

(1990). Their analysis of parimutuel horse race betting in the US revealed significant differences in 

returns on the same race, depending on the race track at which a bettor placed his bet. They justify 

their findings with the existence of varying parimutuel betting pools across the different tracks. 

Furthermore, the authors were also able to demonstrate the possibility of generating positive profits 

by developing an arbitrage model that takes advantage of the return differences. Edelman and O'Brian 

(2004) confirm the existence of arbitrage for their sample of horse races in Australia. However, one 

common feature of both these papers is the fact that arbitrage opportunities are only identifiable ex 

post. This is because both analyses focus on parimutuel pool betting, where the exact pay-out only 

becomes certain after the race. Therefore, Vlastakis, Dotsis, and Markellos (2009) argue that the 

exploitation of such arbitrage models is still risky due to the possibility of changes in the actual pay-

out once a bettor has placed his bet. 

Pope and Peel (1989) focus on arbitrage opportunities in European football betting by analysing the 

odds of four bookmakers for matches played in the UK between 1981 and 1982. In the first step, they 

run a pairwise comparison of the quoted odds of each bookmaker by regressing the odds of each 

bookmaker onto the odds of the other bookmakers. Their results imply that the odds vary significantly 

among the four bookmakers, allowing them to reject the hypothesis of no systematic difference 

between the quoted odds. Furthermore, the authors present numerous cases in which the differing 

odds allow for positive and risk-free profits. For the most extreme case they report an arbitrage return 

of 12%. 

Vlastakis, Dotsis, and Markellos (2009) analyse a total of 12,420 football matches played in 26 different 

leagues for which they have the odds of at least two bookmakers. They discover that arbitrage 

opportunities exist in roughly 0.5% of all matches and report an average arbitrage return of around 

21%, with the maximum exceeding 200%. Additionally, the authors present evidence that arbitrage 

opportunities are more likely to exist in matches where either two teams of equal strength play each 

other or where a huge favourite takes on a rank underdog. 

Dixon and Pope (2004) test the potential for arbitrage in their data covering the odds of three 

bookmakers for UK football matches between 1993 and 1996. Although they also detect significant 

differences in the quoted odds, they conclude that these differences are not large enough to allow for 

arbitrage profits. However, the authors note that by placing bets with different bookmakers a bettor 

can reduce the effective margin of the bookmaker, and thus reduce the expected loss. Therefore, 

according to the authors, following such a strategy of shopping around across bookmakers generates 
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an abnormal return when defining the expected normal return of betting as a loss in the amount of 

the average bookmaker margin. 

 

3.2.2 Explanations for the Existence of Arbitrage Opportunities 

Several explanations exist within the literature aimed at explaining the occurrence of arbitrage 

opportunities in betting markets. Among others, Vlastakis, Dotsis, and Markellos (2009) state that a 

bookmaker might be aware of the fact that he is quoting odds that allow for arbitrage through 

combined betting. However, the authors argue that this does not necessarily imply a loss for the 

respective bookmaker, as the bookmaker´s profit depends on managing the risk of his own betting 

book, rather than the synthesized book of all bookmakers. Differences between the books of several 

bookmakers may arise due to a couple of reasons. For example, Vlastakis, Dotsis, and Markellos point 

out that a respective bookmaker may have a much stronger presence in a market with many supporters 

of a particular team, who tend to overbet their favoured side. Furthermore, the authors note that by 

setting odds in a way that allows arbitrage a bookmaker may even increase his profit as traffic on the 

website increases and more money is wagered with the respective bookmaker.  Thus, Kuypers (2000) 

states that, as long as the bookmaker sets odds in a way that accounts for the risk of his own book, it 

may be profit maximizing for the bookmaker to quote odds that can be used as part of an arbitrage 

strategy. Vlastakis, Dotsis, and Markellos (2009) further note that differences in the quoted odds may 

arise when one bookmaker has superior knowledge or more experience in a given market. The authors 

expect this situation to be more likely to occur in less popular and lower football leagues. 

As shown, numerous explanations exist aimed at clarifying why bookmakers might quote odds that 

can be used for arbitrage. However, it remains relevant to study why these arbitrage opportunities are 

not exploited away, as they often persist for an extended period of time, such as a few hours or even 

days. Sobel and Travis Raines (2003) analyse horse races at several tracks and present evidence that 

arbitrage opportunities exist especially at smaller tracks and less popular races. The authors conclude 

that arbitrageurs do not focus on these smaller events as the potential profit is not high enough. This 

is because an arbitrageur will alter the odds substantially by placing large bets when the total amount 

of money wagered is low. Thus, the arbitrage opportunity would disappear too quickly to be exploited 

for a decent economic profit. Similarly, Swidler and Shaw (1995) point out that the potential profit 

from arbitrage in their study of horse race events is not large enough to cover the costs of entry to the 

event, parking and a minimum wage per hour for the bettor. Although no such costs exist for bets 

placed with an online bookmaker their results still highlight that in many cases expected profits from 

arbitrages are likely to be too small to generate significant positive returns and to attract professional 

arbitrageurs. Sobel and Ryan (2008) further argue that arbitrage involves both discovering profitable 
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opportunities and then acting on this information. According to the authors, the discovery of such 

opportunities requires large amount of data and time intensive statistical analysis. Therefore, they are 

of the opinion that the expected return from an arbitrage must be sufficiently high to make up for the 

costs associated with discovering them. 

In summary, several studies have shown that arbitrage opportunities exist to the extent that a bettor 

can generate a positive risk-free return by placing bets at several bookmakers. However, evidence for 

arbitrage in European football is relatively scarce and somewhat mixed. Academic literature further 

provides evidence that it might be in the best interest of a profit maximizing bookmaker to quote 

odds that may be used as part of an arbitrage strategy. It is also shown that arbitrage opportunities 

may exist for extended periods of time due to their restricted scalability and limited potential for 

significant positive returns. 

 

 

3.3 Quasi-Arbitrage Opportunities and the Disagreement among Bookmakers 

Vaughan Williams (2005) developed a strategy which is related to the discovery of arbitrage 

opportunities, but somewhat more sophisticated. This strategy is presented in the following 

subchapter.  

Vaughan Williams (2005) analyses the efficiency of spread betting markets in UK football. In a spread 

betting market the bookmaker offers a certain spread to the bettor on the number of occurrences of 

an event. For example, the bookmaker may offer a spread of 40-42 on the number of booking points 

in a football match.17 Vaughan Williams (2005) further explains that a bettor can now sell at the bottom 

end of the spread or buy at the top end. Selling the spread yields a profit if the overall number of 

booking points is below the spread but causes a corresponding loss for numbers above. Similarly, 

buying the spread yields a profit if the number of bookings exceed the spread, while a corresponding 

loss occurs when the amount of points falls short.18 

Vaughan Williams (2005) notes that there are many cases in which the top or bottom end of the spread 

from one bookmaker lies outside the average mid-point of all other quoted spreads in the market. He 

defines such situations as ‘Full Quasi-Arbitrage Opportunities’, or ‘Full Quarbs’. An example assuming 

                                                 
17 In this market a yellow card is awarded with 10 points and a red card with 25 points. 
18 In our example, a bettor may sell at a price of 40, resulting in a profit of 40 − 𝑛 if less than 40 booking points are 

awarded, where 𝑛 represents the number of booking points given in the match. If there were more than 40 points a 

corresponding loss occurs. Likewise, buying at a price of 42 yields a potential profit of 𝑛 − 42 for more than 42 booking 

points and a corresponding loss for less points. The difference of 42 − 40 = 2 in the spread accounts for the 
bookmaker margin. 
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the spread market for booking points goes as follows: Three bookmakers offer a spread of 56-60, 

while the fourth bookmaker offers 60-64. Hence, the mean mid-point of spreads in the market is equal 

to 
58+58+58+62

4
= 59, which is below the bottom spread of the fourth bookmaker. According to 

Vaughan Williams (2005) the strategy is now to sell at 60 with the fourth bookmaker. Vaughan 

Williams (2005, p. 113) explains the logic behind this strategy as follows: “In the absence of other 

information, the mid-point of all spreads provides us with an obvious point estimate of the expected value of the asset. 

On this basis, we can expect positive returns as long as this value is greater (less) than the price at which we buy (sell).”  

Deschamps and Gergaud (2007) present a study which is very closely related to the main assumptions 

of Vaughan Williams (2005). The authors adopt the hypothesis that the market average price is a good 

indicator of the objective probability of an event, while the price of the outlying bookmaker is not. 

However, Deschamps and Gergaud modify their approach in order to analyse the betting market for 

match outcomes, instead of analysing the spread betting market, as Vaughan Williams (2005) did. 

Therefore, Deschamps and Gergaud (2007) calculate the market average odds quoted on an outcome 

by several bookmakers. In the next step, the authors calculate the level of disagreement between 

bookmakers by estimating the variation in odds across several bookmakers. Thus, they measure the 

degree to which the quoted odds of each bookmaker differs from the market average odds for that 

outcome. Ultimately, their strategy implies placing bets at outlying odds when the level of 

disagreement is the largest. 

A simple example supports the understanding of this approach. Let us assume the following quoted 

odds of three different bookmakers on the same match: 

 

 Home Draw Away 

Bookmaker A: 1.98 2.90 4.50 

Bookmaker B: 2.00 2.90 5.00 

Bookmaker C: 2.02 2.90 5.50 
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In the first step, market average odds are computed based on the quoted odds. The average odds are 

as follows:19 

 

 Home Draw Away 

Average Odds: 2.00 2.90 5.00 

 

In the next step, the variation of the quoted odds is calculated to infer the level of disagreement among 

bookmakers. In our example, the bookmakers seem to agree completely on the draw odds, as all 

bookmakers quote the same odds. For the home odds, only slight differences in the odds are noted, 

as Bookmaker A quotes odds which are 1% lower than the market average and Bookmaker C quotes 

1% above the market average. However, the level of disagreement seems to be quite large for the away 

odds, as Bookmaker A quotes 10% below the market average and Bookmaker C posts odds which are 

10% above the average price. In this example, the approach of Deschamps and Gergaud (2007) 

predicates that betting on an away win at odds of 5.50 with Bookmaker C is beneficial, as the level of 

disagreement is the highest for this outcome and Bookmaker C quotes the best available odds for this 

outcome. Thus, their strategy builds upon the assumption that betting at outlying odds increases the 

rate of return from betting, since this strategy exploits prevailing disagreement among bookmakers. 

Results reported by Deschamps and Gergaud suggest that there is a positive relationship between the 

level of disagreement and the expected rate of return. Their analysis implies that bets placed on 

outcomes with high disagreement yield the largest return, while betting on outcomes with low 

variation in the odds, and hence low disagreement among bookmakers, delivers a much lower 

expected return. Thus, these results indicate that abnormal returns are achievable when placing bets 

based on the level of disagreement among different bookmakers. However, the authors also note that 

the expected returns across all levels of disagreement are not positive. 

 

 

 

 

 

                                                 
19 Average odds are calculated as the simple arithmetic mean of odds. For example, the average home odds are 

calculated as 
1.98+2.00+2.02

3
= 2.00. 
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4. Data 

The previous chapters described the fundamental features of sports betting markets and reviewed the 

current status of academic research. The remainder of this paper aims at testing the efficiency of 

betting markets empirically for a sample covering European football matches. This is done by 

confirming or rejecting several biases, which have been discovered by the academic literature 

previously and were summarized in the preceding chapter. In order to do so I base my analysis on 

various tests used by other researchers to test market efficiency in the context of sports betting. I 

apply these tests to my dataset on football matches played in Europe, which enables me to compare 

my results with those from previous studies. The dataset underlying all my empirical investigations is 

introduced and described in this chapter. 

 

 

4.1 General Information on the Dataset 

The raw dataset underlying my analysis comprises information on 62,348 European football matches 

played in national championships across eleven European countries for the eight years between the 

2010/11 and 2017/18 season. The dataset is freely downloadable on the website www.football-

data.co.uk. It contains the date, division, country, home team, away team and full time result of each 

match. Furthermore, the dataset provides the odds on each possible outcome, being a home win, a 

draw and an away win, quoted by a total of eleven online bookmakers before the start of the match. 

The betting odds for weekend matches are collected on Fridays at noon (Greenwich mean time) and 

for midweek matches the odds are compiled on Tuesdays at noon. For the eight seasons under 

consideration matches from the following 22 national championships are included: The top five 

leagues of England (Premier League, Football League Championship, Football League One, Football 

League Two & National League), the top four leagues of Scotland (Scottish Premiership, Scottish 

Championship, Scottish League One and Scottish League Two), the top two leagues of Germany 

(Bundesliga and 2. Bundesliga), Italy (Serie A and Serie B), Spain (La Liga and Segunda Division) and 

France (Ligue 1 and Ligue 2) as well as the top leagues of the Netherlands (Eredivisie), Belgium (First 

Division A), Portugal (Primeira Liga), Turkey (Süper Lig) and Greece (Super League).  

The eleven online bookmakers whose quoted odds are reported include: Bet365 (B365), Bet&Win 

(BW), Blue Square (BS), Gamebookers (GB), Interwetten (IW), Ladbrokes (LB), Pinnacle Sports (PS), 

Sportingbet (SB), Stan James (SJ), Victor Chandler (VC) and William Hill (WH). However, not every 

bookmaker is quoting odds on every match in every league. This is mainly because the bookmakers 

have different target markets or focus on particular leagues to gain expertise in them. In order to get 
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meaningful results in my subsequent analyses I exclude a total of 115 matches from the original 

dataset. This is done for those matches where the full-time result is missing, mostly because the match 

is cancelled, or when only three or less bookmakers have quoted odds on the respective match. This 

approach follows Cain, Law, and Peel (2000) and aims at ensuring that only those matches for which 

an adequate level of public awareness and popularity exists are considered. It also ensures that the 

number of bookmakers is large enough in every match to test for arbitrage opportunities. Hence, after 

these exclusions, my final dataset contains a total of 62,233 matches. This dataset is used for all 

subsequent analyses.  

Figure 1 displays the number of matches quoted by each bookmaker for each season throughout the 

period under investigation. As observable, the number of matches played per season varies only 

slightly between 7,703 and 7,845. On the one hand, these variations are due to some changes in the 

number of teams participating in a given league.20 On the other hand, the varying number of total 

matches is also caused by the varying number of matches being cancelled or quoted by less than four 

bookmakers, compared to other seasons.21 

 

Figure 1: Number of Matches quoted by Bookmakers every Year 

Notes: Nb M = number of matches; B365 = Bet365; BW = Bet&Win; BS = Blue Square; GB = Gamebookers; IW = Interwetten; LB = Ladbrokes; PS 
= Pinnacle Sports; SB = Sporting Bet; SJ = Stan James; VC = Victor Chandler; WH = William Hill; Avg Nb b = average number of recorded bookmakers 
per match; Min NB b = minimum number of recorded bookmakers per match; Max Nb b = maximum number of recorded bookmakers per match; 
Total 1 = number of match-bookmaker couples by season; Total 2 = number of match-bookmaker couples by bookmaker. 

                                                 
20 One such example is given by the Portuguese Primeira Liga. While until the 2014/15 season only 16 teams played in 
this league, it has since been expanded to 18 teams. 
21 However, the fraction of matches excluded from a particular season never exceeds 0.2% of the total number of 
matches played in that season. Furthermore, the number of matches excluded are not statistically different from each 
other from one season to another. Hence, it is not expected that my results are influenced by this. 

Season

2010/11 2011/12 2012/13 2013/14 2014/15 2015/16 2016/17 2017/18 Total 2

Nb M 7,735             7,703             7,739             7,803             7,845             7,809             7,804             7,795             62,233           

B365 7,730             7,696             7,734             7,793             7,841             7,806             7,802             7,783             62,185           

BW 7,720             7,696             7,735             7,796             7,820             7,805             7,767             7,792             62,131           

BS 7,668             7,677             7,707             -                 -                 -                 -                 -                 23,052           

GB 7,718             7,695             7,714             -                 -                 -                 -                 -                 23,127           

IW 7,658             7,659             7,678             7,753             7,768             7,738             7,733             7,781             61,768           

LB 7,702             7,691             7,688             7,762             7,817             7,797             7,774             7,694             61,925           

PS -                 -                 7,575             7,608             7,745             7,660             7,680             7,650             45,918           

SB 7,656             7,691             -                 -                 -                 -                 -                 -                 15,347           

SJ 7,643             7,641             7,689             7,782             1,006             -                 -                 -                 31,761           

VC 7,692             7,691             7,726             7,792             7,839             7,801             7,798             7,789             62,128           

WH 7,729             7,692             7,721             7,788             7,823             7,796             7,774             7,789             62,112           

Avg Nb b 9.94               9.97               9.95               7.96               7.09               6.97               6.96               6.96               8.22               

Min Nb b 4                     4                     4                     4                     4                     4                     4                     4                     4                     

Max Nb b 10                   10                   10                   8                     8                     7                     7                     7                     10                   

Total 1 76,916           76,829           76,967           62,074           55,659           54,403           54,328           54,278           511,454        
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Additionally, Figure 1 illustrates that for every season a sufficient number of odds are quoted by the 

bookmakers. In every season the minimum number of bookmakers quoting a single match is four, as 

matches with less than four bookmakers are excluded. The maximum number of bookmakers per 

match decreases from ten to seven over the seasons under investigation and the average number of 

bookmakers also decreases from close to ten to just under seven. This effect is due to Blue Square, 

Gamebookers, Sportingbet and Stan James terminating their service at some point during my period 

of investigation, whereas only one bookmaker, Pinnacle Sports, launched its activities in the same time 

period. However, the fact that the average number of bookmakers per match is very close to the total 

number of bookmakers quoting in that season illustrates that almost every bookmaker provides odds 

for almost every match. On average, a single match receives odds from around 8.22 bookmakers in 

my dataset. Bet365 provides odds on 99.92% of all matches, which is the highest value for any 

bookmaker. Sportingbet only records odds for 24.66% of all matches, which is the lowest value. 

However, this number turns out to be so low because Sportingbet ceased its operation after just two 

seasons. Overall, my dataset contains information on 62,233 football matches and a total of 1,534,414 

odds on the outcome of these matches. 

In order to fully utilize this amount of data and to avoid selection bias I combine all matches from the 

various leagues and seasons together for my empirical investigation. My dataset is therefore almost 10 

times bigger than that used in most other studies, for example those of Kuypers (2000), Dixon and 

Pope (2004) and Goddard and Asimakopoulos (2004). To the best of my knowledge, the only other 

study that utilizes a dataset of similar size is done by Direr (2011). Direr claims that using such a large 

dataset is advantageous, as it allows the evaluation of the profitability even of betting strategies that 

involve infrequent bets. Furthermore, the author argues that the robustness of the results is increased 

substantially due to the possibility of testing market efficiency separately for different seasons or 

leagues. Therefore, the size of my dataset enables me to derive robust results when analysing the 

efficiency of sub-segments of the market and to investigate potential market biases on a granular level. 

 

 

4.2 Descriptive Statistics – Quoted Odds 

The following subchapter aims to describe the underlying data further by analysing the distribution 

and variation of the quoted odds. The derived results lay the foundation for the empirical analysis of 

deviations from market efficiency in the next chapter. 
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Figure 2: Average Implied Probabilities and associated Standard Deviations, by Season 

Notes: Avg impl = average implied probability; SD impl = standard deviation of implied probability; H = home win; D = draw; A = away win. 

 

Figure 2 displays the number of matches, the average implied probabilities of home wins, draws and 

away wins as well as their respective standard deviations for each of the eight seasons under 

investigation. The average implied probabilities are calculated as 
1

�̅�𝑖𝑚
, where �̅�𝑖𝑚 denotes the arithmetic 

mean of all quoted odds for outcome 𝑖 in match 𝑚. Thus, it is simply the average odds considering 

all bookmakers that quoted the given match. High implied probabilities are therefore associated with 

low odds, and vice versa. One has to keep in mind that summing up the implied probabilities of a 

home win, draw and away win results in a sum greater than 100%, which is due to the bookmaker 

margin. 

Figure 2 illustrates that for all seasons under consideration bookmakers expect a home win to be the 

most likely outcome of a match, on average. Keeping in mind that in all European football leagues 

every team plays against every other team of the league twice per season, once at home and once away, 

the result clearly demonstrates that bookmakers expect teams to do better at home than away. It is 

also observable that this expected home advantage seems to have decreased slightly over time, as the 

implied probabilities of a win at home have decreased from 48.18% for the 2010/11 season to 46.35% 

for the most recent season. The average implied probability of a home win over all seasons is equal to 

46.85%, which is equivalent to quoted odds of 
1

46.85%
= 2.13. 

Across all seasons, the second most likely outcome of a match is a win of the away team, as implied 

by the odds. The implied probabilities for this outcome are more stable across time, ranging between 

31.18% and 31.75% with an average value of 31.48%. Thus, the average quoted odds of an away win 

in my dataset is equivalent to 
1

31.48%
= 3.18. Based on the quoted odds, across all seasons, the least 

likely outcome of a match is a draw. The quoted odds on draws also vary less than those on home 

wins. Considering all seasons, the average match has draw odds of 
1

28.61%
= 3.50. 

Season

2010/11 2011/12 2012/13 2013/14 2014/15 2015/16 2016/17 2017/18 Total

Nb M 7,735             7,703             7,739             7,803             7,845             7,809             7,804             7,795             62,233           

Avg impl H 48.18% 47.80% 47.13% 46.85% 46.35% 46.06% 46.15% 46.35% 46.85%

Avg impl D 29.50% 29.03% 28.71% 28.49% 28.52% 28.43% 28.29% 27.92% 28.61%

Avg impl A 31.18% 31.29% 31.32% 31.44% 31.58% 31.72% 31.52% 31.75% 31.48%

SD impl H 14.20% 14.97% 14.50% 15.11% 15.31% 15.26% 15.75% 16.24% 15.20%

SD impl D 3.94% 3.85% 3.84% 4.01% 4.08% 4.19% 4.48% 4.57% 4.15%

SD impl A 12.65% 13.42% 12.99% 13.57% 13.72% 13.83% 14.19% 14.67% 13.65%
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Furthermore, it is interesting to look at the standard deviation of the odds on each possible outcome 

across matches. As observable, the implied probabilities on home and away wins across different 

matches vary almost equally intensely, both recording a standard deviation of 13% to 15% in every 

season. This indicates that the actual home and away odds quoted on a given match is highly 

dependent on the fixture of that particular match. Hence, the expected strength of both teams appears 

to play a significant role for the bookmaker when quoting the odds. However, the odds on draws 

seemingly depend much less on the actual match, as the standard deviation across matches is relatively 

constant at around 4% in all seasons. The quoted odds on draws are thus much more stable than the 

odds on home and away wins, irrespective of the fixture of the match. This observation is in line with 

Cain, Law, and Peel (2000), who report similar observations for their data. 

Appendix A further investigates bookmaker´s implied probabilities for each outcome by comparing 

the distribution of implied probabilities across the 22 different divisions. The figure reveals that the 

implied probabilities vary quite substantially across leagues. For example, for an away side win in the 

Scottish Championship (SC1) implied probabilities of 35.22% are recorded, on average. Whereas, an 

away win in the French Ligue 2 (F2) only registers an implied probability of 28.77% on average. Similar 

variations in the probabilities can be observed when comparing the odds of home wins and draws 

across the different leagues. This outcome might indicate that bookmakers expect the home advantage 

to be larger in some leagues than in others. 

Figure 2 reveals another feature of sports betting markets. Summing up the average implied 

probabilities of a home win, draw and away win results respectively as 46.85% + 28.51% +

31.48% = 106.94%. It is exactly the difference of 106.94% − 1 = 6.94% that accounts for the 

average bookmaker margin, as shown in the second chapter of this paper. It is therefore insightful to 

further analyse the development of bookmaker margins over time.  
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Figure 3: Average Margins for all Bookmakers, by Season 

Notes: B365 = Bet365; BW = Bet&Win; IW = Interwetten; LB = Ladbrokes; PS = Pinnacle Sports; VC = Victor Chandler; WH = William Hill; Avg 
Margin = average margin. 

 

Figure 3 shows the results of such an analysis. It displays the average margin for the seven bookmakers 

that are still in business at the end of the 2017/18 season, as well as the average margin over all 

bookmakers, season by season. The margins are calculated as the difference between the sum of the 

inverse of the odds on all three outcomes of a match and one, for every match and every bookmaker 

separately. Thus, they take the form 𝑘𝑚𝑗 = ∑(
1

𝑑𝑚𝑖𝑗
) − 1, where 𝑘𝑚𝑗 denotes the margin of 

bookmaker 𝑗 in match 𝑚 and 𝑑𝑚𝑖𝑗 represents the quoted odds of bookmaker 𝑗 in match 𝑚 for 

outcome 𝑖. One can observe that average margins appear to be decreasing over time. While the average 

margin stood at 8.86% for the 2010/11 season, this number decreased to just 6.02% in the most recent 

season. The average margin over all seasons has a value of 6.94%, as previously derived above. 

Furthermore, it appears to be the case that margins vary greatly across different bookmakers. For 

example, the margins of Interwetten appear to be roughly four times the size of Pinnacle Sport´s 

margins. Overall, Bet365, Pinnacle Sports and Victor Chandler seem to consistently quote odds with 

lower margins than the industry average, whereas Bet&Win, Interwetten and Ladbrokes charge higher 

margins. Most notable are the significantly lower margins of Pinnacle Sports of around 2.5% for the 

most recent seasons. On the bookmaker´s own website Pinnacle Sports Educational (2019) states that 
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Pinnacle offers the best odds and lowest margins compared to any other online bookmaker, which is 

due to a unique volume-based betting model. Furthermore, according to the website, Pinnacle does 

not offer any special promotions and does not run advertisement in order to reduce operating costs. 

Instead, the bookmaker focusses on offering the best odds and lowest margins. 

 

Figure 4: Average Margins across all Bookmakers, by Division 

     

Notes: B1 = First Division A; D1 = Bundesliga; D2 = 2. Bundesliga; E0 = Premier League; E1 = Football League Championship; E2 = Football League 
One; E3 = Football League Two; EC = National League; F1 = Ligue 1; F2 = Ligue 2; G1 = Super League; I1 = Serie A; I2 = Serie B; N1 = Eredivisie; P1 
= Primeira Liga; SC0 = Scottish Premiership; SC1 = Scottish Championship; SC2 = Scottish League One; SC3 = Scottish League Two; SP1 = La Liga; 
SP2 = Segunda Division; T1 = Süper Lig. 

 

Figure 4 visualises a closely related matter. It shows the average margin across all bookmakers and all 

seasons for each of the 22 leagues in the dataset. As before, the average margin over all divisions is 

equivalent to 6.94%, represented by the dotted line. However, it is observable that some leagues 

appear to be quoted with much lower margins than others. It is especially the first two divisions of 

England, as well as the first divisions of Spain, Germany, Italy and France, which have much lower 

implied bookmaker margins than the average. On the other hand, the second to fourth division of 

Scotland, as well as the fifth division of England, are quoted with much higher margins by the 

bookmakers. The first divisions of Belgium, Greece and Turkey as well as the second divisions of 

France, Italy and Spain also lie considerably above the average. This result suggests that bookmakers 

are quoting fairer odds, in the sense that their margin is lower, in more popular leagues, such as the 

first divisions of England, Spain and Germany, as compared to lower and smaller divisions. This is in 

line with observations from Goddard and Asimakopoulos (2004), who find the same tendency in their 
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data. The authors argue that bookmakers face a higher level of uncertainty in less popular divisions. 

This uncertainty applies to the overall amount of money bet on each outcome as well as the true 

winning probability of each outcome. Therefore, bookmakers charge a higher margin in smaller 

divisions to cover themselves against potential losses from misjudgement. 

 

 

4.3 Descriptive Statistics – Match Outcomes 

The following subchapter focusses on the actual outcome of matches and presents concentrated facts 

about the distribution of wins, the number of goals and the frequency of particular scores. Thus, the 

results assist in getting a further understanding of the dataset under investigation and highlight certain 

aspects of crucial importance for the empirical analysis in the next chapter. 

 

Figure 5: Frequency of Match Outcomes, by Season 

Notes: Nb M = number of matches; Avg H win = average fraction of home wins; Avg D win = average fraction of draws; Avg A win = average 
fraction of away wins. 

 

Figure 5 depicts the frequency of home wins, draws and away wins for each season under 

consideration. As can be seen, a home win is the most frequent outcome of a match across all seasons, 

followed by a win from the away side and then followed by a draw. However, there does not seem to 

be a downward trend in the frequency of home wins, as opposed to the decreasing implied 

probabilities shown in Figure 2 before. Yet, Figure 5 suggests a slight upward trend in the frequency 

of away wins, as the lowest number of away wins is recorded for the first two seasons under 

examination. Comparing the values of Figure 5 and Figure 2 demonstrates that the actual frequency 

of every outcome is consistently lower than its implied probability, for all seasons. Naturally, this is 

because the implied probabilities sum up to more than one because of the bookmaker margins, 

whereas the actual outcomes sum up to only one. Yet, this result rules out the possibility that any 

simple trading rule, such as betting on the home team in every match, is capable of generating positive 

returns when average odds are used. 

Season

2010/11 2011/12 2012/13 2013/14 2014/15 2015/16 2016/17 2017/18 Total

Nb M 7,735             7,703             7,739             7,803             7,845             7,809             7,804             7,795             62,233           

Avg H win 45.39% 45.00% 43.73% 45.03% 44.16% 43.69% 45.21% 44.35% 44.57%

Avg D win 26.96% 26.39% 26.72% 26.02% 26.76% 26.51% 26.01% 26.06% 26.43%

Avg A win 27.65% 28.61% 29.55% 28.95% 29.09% 29.80% 28.78% 29.60% 29.01%



Efficiency of European Football Betting Markets  V. Kandaurov 

39 
 

Appendix B further investigates the frequency of each match outcome, this time for each of the 22 

divisions separately. One striking feature is observable in the fact that the frequency of each possible 

outcome varies quite strongly across different leagues. For example, draws only occurred in 20.83% 

of matches in the Scottish League One (SC2), whereas 32.15% of all games ended in a draw in the 

Italian Serie B (I2). Similar large deviations can be noted for home wins and away wins. This 

observation implies that the home advantage is substantially larger in some leagues than in others. 

Further interesting findings can be obtained when comparing the values of Appendix A and Appendix 

B. Overall, the actual frequency of match outcomes seems to be more volatile across different leagues 

than the implied probabilities for these outcomes. However, comparing each correspondent value of 

Appendix A and Appendix B with one another illustrates a similar observation to before. Except for 

one single case, the values of all actual outcome frequencies lie below their respective implied 

probabilities. The one exception is given by the Scottish Premiership (SC0), where away wins had an 

implied probability of 34.42%, but effectively occurred in 34.43% of the matches. However, the minor 

difference of only 0.01% is negligible and insignificant. Therefore, these observations again rule out 

any simple betting strategy to yield positive expected returns. 

 

Figure 6: Number of Goals Scored by the Home Team 
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Figure 7: Number of Goals Scored by the Away Team 

 

 

Figure 6 and Figure 7 illustrate further interesting results concerning the distribution of goals in my 

dataset. The Figures shows the frequency distribution of goals scored by the home and away team, 

respectively. As observable, the most frequent home side score is one goal, followed by two goals and 

zero goals. For the away side, the most frequent score is also one goal, however followed by zero goals 

and only then two goals. For three goals or more, the frequency is considerably higher for the home 

team than the away side. These outcomes demonstrate that the home side, on average, scores more 

goals than the away team, which is further supported by the fact that the average number of home 

team goals (1.50) is significantly higher than the average number of away goals (1.16). 

Furthermore, the correlation between home side goals and away side goals is equal to -0.039 for my 

data, indicating that one team scoring lowers the probability of the other team scoring as well. This 

claim is supported by Appendix C, which shows a contingency table of score outcomes for all matches. 

As observable, the most frequent outcome is a 1-1 draw, followed by a 1-0 home win, a 2-1 home win 

and a 0-0 draw. Several match outcomes only occur once in my data, such as a 6-6 draw and a 9-2 

home win. Overall, match outcomes with many goals for both teams are relatively rare. For example, 

in only approximately 2% of all matches both teams score three or more goals each. 
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5. Empirical Analysis 

According to Jensen (1978), a market is said to be efficient if prices reflect information to the point 

where the marginal benefit of acting on information is lower or equal to the marginal cost of obtaining 

that information. Fama (1970) further states that the property of weak form efficiency can be tested 

by checking that the sole use of historical prices does not allow for abnormal returns to be made. 

Thus, in the context of betting markets such weak form efficiency requires that bettors cannot earn 

an abnormal return by selecting bets on the basis of their odds and the historical returns achieved at 

such odds. Consequently, weak form market efficiency requires that none of the previously presented 

biases exist to the extent that they allow bettors to achieve statistically significant abnormal expected 

returns over an extended period of time.  

In order to investigate whether the football betting market represented in my dataset experiences weak 

form market efficiency this chapter focusses on the existence of deviations from market efficiency 

and the possibility of earning abnormal returns based on historical prices. Therefore, I define exactly 

what an abnormal return is. Then, I perform various empirical tests proven to be useful in detecting 

market biases. Precisely, I test for the existence of a favourite-longshot bias, the occurrence of 

arbitrage opportunities as well as the relationship between betting returns and the level of 

disagreement among bookmakers in my data. Thus, these tests are directly aimed at answering my 

three sub-questions and ultimately my main research question, which were presented in the 

introduction to this paper. 

The next subchapter focusses on the precise definition of abnormal returns, so that all subsequent 

investigations can refer to it. Then, I examine each bias individually because different empirical tests 

are required to detect the biases. Therefore, each bias is the subject of discussion in a separate 

subchapter, which explains the methodology of the analysis, presents the results of my empirical 

examination and compares my findings to the existing literature. This structure aims at giving a 

complete picture of the existence of each bias and thereby provide the empirical answers to my 

research questions. 

 

 

5.1 Definition of Abnormal Returns 

Kuypers (2000) argues that weak form efficiency in betting markets implies that no abnormal returns 

can be achieved by analysing historical odds and corresponding returns. Therefore, my approach is to 

test the possibility of earning such abnormal returns through strategies aimed at exploiting potential 
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biases in my data. However, in order to reveal whether returns are abnormal or not it is necessary to 

define what exactly an abnormal return is. Vaughan Williams (2005) provides the following general 

formula for abnormal returns in betting: 

 

 𝐴𝑅𝑖 = 𝑅𝑖 − 𝐸[𝑅𝑖] (4) 

 

here, 𝐴𝑅𝑖 denotes the abnormal return of bet 𝑖, 𝑅𝑖 is the actual return of bet 𝑖 and 𝐸[𝑅𝑖] represents 

the expected return of bet 𝑖. Thus, the abnormal return of a bet is the difference between its actual 

rate of return and the expected rate of return. Therefore, I need to define the expected return of the 

betting market in order to compare actual realized returns of betting strategies with the value of the 

expected betting return. Kuypers (2000) defines the normal return of the market as the bookmaker 

margin, as a bettor is expected to realize losses in the magnitude of this margin on average due to a 

systematic reduction in the pay-out. Therefore, from the bettors point of view, the expected market 

return is negative. However, Kuypers (2000) does not clearly define which bookmaker margin should 

be regarded as the normal return of the market. Thus, the following three definitions of the expected 

market return are reasonable. Defining the expected market return as: 

• The average bookmaker margin across all bookmakers and matches, 

• The average bookmaker margin of the bookmaker charging the lowest margin on average; in 

my dataset Pinnacle Sports, 

• Or the average bookmaker margin when choosing the best available odds for every outcome 

in every match. 

Selecting the first definition results in a value of around 7%, as has been observable in Figure 3 before. 

However, following this definition leads to the fact that a bettor can earn abnormal returns in every 

match by simply placing his bets with a bookmaker who charges a lower margin, for example Pinnacle 

Sports (PS) or Victor Chandler (VC). Therefore, I disregard this definition of the normal market 

return. 

Choosing the second definition leads to a value of around 2.6%, as observable in Figure 3. However, 

this definition also implies that a bettor can earn an abnormal return by a strategy of shopping around 

and betting at the best available odds, as long as any bookmaker quotes any odds that are superior to 

that quoted by Pinnacle Sports. Therefore, I also disregard this definition. 

As a result, I pick the most restrictive definition of the expected market return, which is given by the 

third definition above. Thus, I define the normal market return as the average bookmaker margin 
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prevailing when a bettor places his bets optimally at the best available odds. Hence, I calculate the 

average bookmaker margin across all matches when best odds are used in my dataset.  

In order to do so, I take the sum of the implied probabilities of the three possible outcomes of a 

match, using best available odds for each outcome.22 This is done for every match separately. 

Subtracting one from the sum of probabilities results in the lowest attainable bookmaker margin for 

the respective match. Formally, the procedure looks as follows: 

 

 𝑘𝑚 =∑(
1

max𝑑𝑚𝑖
)

3

𝑖=1

− 1 (5) 

 

where 𝑘𝑚 is the margin of match 𝑚 and max𝑑𝑚𝑖 represents the maximum available odds on outcome 

𝑖 for match 𝑚 across all existing bookmakers. In the next step, I compute the average bookmaker 

margin across all matches when best odds are used. When doing so using my dataset, the result is as 

follows: 

 

 �̅� =
1

𝑀
∑ 𝑘𝑚

𝑀

𝑚=1

= 0.018 = 1.80% (6) 

 

here, �̅� represents the average bookmaker margin across all matches in my data and 𝑀 is the number 

of total matches, which is equal to 62,233. 

Thus, a bettor following a strategy of shopping around and picking the best available odds for every 

outcome reduces the average bookmaker margin to 1.80% in my dataset. This value seems reasonable, 

as it is somewhat lower than the margin charged by the low-margin bookmaker Pinnacle Sports but 

at the same time it is clearly larger than zero, which rules out arbitrage opportunities to be present on 

average. Thus, the expected return of the betting market under consideration is equal to 
(1−0.018)−1

1
=

−0.018 = −1.80% from a bettors perspective. Therefore, I will define those betting returns that are 

significantly different from -1.80% as abnormal returns throughout my analyses and the remainder of 

this paper. 

 

                                                 
22 The reader is reminded that the odds implied probability 𝜋 is given by the inverse of the odds 𝑑, so that 𝜋 =

1

𝑑
. 
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5.2 Investigating the Presence of a Favourite-Longshot Bias 

This section examines the potential presence of a favourite-longshot bias in my data, which is the 

most commonly investigated bias in betting markets. Therefore, this section is directly linked to Sub-

question I, as it investigates whether abnormal betting returns are achievable when placing bets at 

different levels of odds. A positive favourite-longshot bias refers to the observation that the return of 

bets on favourites tends to be systematically higher than the return of longshot bets.23 In an efficient 

market, any such strategy does not allow for significant and persistent abnormal returns, as all bets are 

expected to yield the same return. Thus, following the proposition of Sobel and Ryan (2008), the 

systematic presence of a favourite-longshot bias contradicts the efficient market hypothesis. 

 

5.2.1 Methodology 

In order to test for a favourite-longshot bias in my data I analyse the expected rate of return of bets 

placed at different levels of odds and compare the returns with one another. This is done by computing 

actual realized returns and building confidence intervals around them to estimate expected returns. 

Therefore, my approach builds upon the contributions of Direr (2011) and Vlastakis, Dotsis, and 

Markellos (2009). I pool all seasons and various divisions together in my analysis to fully utilise the 

magnitude of my dataset. Furthermore, each possible outcome of a match, being a home win, a draw 

or an away win, enters my analysis separately. Consequently, my study includes 62,233 football 

matches with 62,233 ∗ 3 = 186,699 total match outcomes. I calculate the average odds for each 

outcome of each match, based on the odds of all bookmakers that quoted for the respective game. 

Next, I sort all match outcomes in ascending order based on their average odds. For clarification, let 

us assume a simple example with only two matches. Match 1 with average odds of: 

 

Home win: 1.3 

Draw: 5.2 

Away win: 9.1 

 

 

 

 

                                                 
23 For an extensive discussion of this bias the reader is referred to the correspondent part in the third chapter of this 
paper. 
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and Match 2 with the following odds: 

 

 

 

 

 

When sorted in ascending order, the home odds of Match 1 are listed first, as it has a value of 1.3, 

followed by the away odds of Match 2 with its value of 1.4. In the next step, the draw odds of Match 

2 follow due to having the third lowest odds across all outcomes. Next comes the draw odds of Match 

1 with its value of 5.2, followed by the home odds of Match 2 and finally the away odds of Match 1. 

Thus, in our small example we now have two matches with a total of six possible outcomes sorted in 

ascending order based on their average odds. Contingent upon the actual outcome of the matches the 

return of each bet is computable. 

I follow this procedure of sorting for all matches and all possible match outcomes in my dataset, which 

results in each match being listed three times, based on its average odds for a home win, a draw and 

an away win, respectively. As a consequence, 62,233 ∗ 3 = 186,699 possible match outcomes and 

their corresponding average odds exist in my dataset. Having sorted the odds in this way, I then 

compute the rate of return of placing a unit bet on each match outcome within different ranges of 

odds. Noted mathematically this is done in the following way: 

 

 𝑅𝑁 = (
1

𝑁
∑(�̅�𝑛 ∗ 𝜕𝑛)

𝑁

𝑛=1

) − 1 (7) 

 

where �̅�𝑛 denotes the average odds of match outcome 𝑛, 𝛿𝑛 is a dummy variable being equal to one 

if match outcome 𝑛 is realized and zero otherwise, and 𝑁 is the total number of match outcomes 

within the range of odds under consideration.24 𝑅𝑁 denotes the return of betting on all 𝑁 match 

outcomes. This setup allows calculation of the average instant rate of return of placing a unit bet on 

all outcomes whose odds are within the range under consideration. In order to examine the presence 

of a favourite-longshot bias I compare the returns of different ranges of odds. For that matter, each 

                                                 
24 Thus, if setting the range of odds in a way that all match outcomes in my dataset are spanned, 𝑁 is equal to 62,233 ∗
3 = 186,699. Choosing a more restrictive range of odds results in a lower 𝑁. 

Home win: 8.2 

Draw: 4.5 

Away win: 1.4 



Efficiency of European Football Betting Markets  V. Kandaurov 

46 
 

range of odds is determined by setting a specific odds threshold. A threshold gives the maximum odds 

until all outcomes with lesser or equal odds are included. For example, setting the threshold to 1.60 

and performing the analysis as shown in Equation 7 results in the average return of betting when 

placing a unit stake on every match outcome whose odds are 1.60 or lower. According to the favourite-

longshot bias the expected return of betting at low thresholds is higher than the return of bets placed 

at high thresholds. 

In my analysis I sort all possible outcomes based on their average market odds, so that the threshold 

applies to the average odds as well. However, for the calculation of instant rates of return I use both, 

the average odds as well as the best available odds. Therefore, the best odds are the maximum odds 

observable for a given outcome when comparing the quoted odds of all bookmakers. One may 

consider this approach as follows: A bettor observes the average odds across all bookmakers and 

defines the threshold based on this average. When average odds are used for the calculation of returns 

the bettor also places his bets at these average odds. However, for the calculation with best odds the 

bettor searches for the best available odds for each given outcome and places each bet with the 

bookmaker offering the highest odds. As Direr (2011) notes, this setup accounts for the fact that a 

profit maximizing bettor is unlikely to place all his bets with a randomly chosen bookmaker but is 

expected to systematically pick the bookmaker quoting the most favourable odds.  

Furthermore, I only report rates of return for odds thresholds that include 200 bets or more to ensure 

that my results are meaningful and significant. This means that for 200 or more occasions odds equal 

to or lower than the threshold must exist in the dataset.25 Over the whole dataset the odds threshold 

of 1.10 is the lowest one to contain at least 200 bets, so that lower odds thresholds are not examined. 

 

5.2.2 Results 

Figure 8 displays average expected rates of return of bets placed at different odds, together with the 

upper and lower 95% confidence interval. For this graph betting at average odds is assumed, but a 

very similar profile shifted upwards is obtained when using best available odds. The correspondent 

graph can be found in Appendix D.  

 

 

 

                                                 
25 For example, there are two matches with home odds as low as 1.02 in my dataset. However, the instant return of 
betting at this threshold is not reported, as the number of matches is not sufficiently large. 
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Figure 8: Expected Rate of Return at Different Odds, using Mean Odds 

Notes: Sample includes odds for 62,233 football matches played in 22 different divisions in Europe from the 2010/11 season until the 2017/18 
season. Dark grey curve indicates average rates of return, light grey curves represent upper and lower bounds of the 95% confidence interval. 

 

Two important observations can be made from Figure 8. First, returns clearly tend to decrease as the 

odds increase. This result is exactly the favourite-longshot bias, as betting on favourites with lower 

odds seems to consistently yield a higher return than betting on longshots at higher odds. Second, the 

expected rate of return seems to be positive for bets with very low odds. In order to analyse this 

observation further, Figure 9 zooms in on the previous chart and only displays expected rates of return 

of bets with odds below 1.60. When using best odds, the correspondent graph can be found in 

Appendix E. 
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Figure 9: Expected Rate of Return at Odds below 1.60, using Mean Odds 

Notes: Sample includes odds below 1.60 for 62,233 football matches played in 22 different divisions in Europe from the 2010/11 season until the 
2017/18 season. Dark grey curve indicates average rates of return, light grey curves represent upper and lower bounds of the 95% confidence 
interval. 

 

As observable in Figure 9, the expected return is positive for bets placed at odds lower than 1.08 and 

odds between 1.21 and 1.39. However, the return of betting at odds of 1.08 and lower is not 

investigated, as less than 200 observations fall within this category. The maximum expected rate of 

return is recorded when setting the odds threshold to 1.34. The confidence interval indicates that the 

true return is abnormal, as it is significantly higher than the expected market return of -1.80%. Yet, 

the true return is not positive at the 5% significance level, indicated by the lower confidence bound 

being below zero. If best odds are used instead of average odds (Appendix E), the highest return is 

also recorded for a threshold of 1.34. When using best odds, the true return is both statistically 

abnormal and positive at the 5% significance level, indicated by the confidence interval being above 

zero. 

In order to provide further information on the expected returns of bets at low odds Appendix F 

presents a data table containing the number of bets, number of wins, win frequency and rates of return 

using mean odds and best odds for various odds thresholds. As observable, the return profile is hump-

shaped for thresholds between 1.15 and 1.40 for both mean odds and best odds. The return is 
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increasing up until it reaches its maximum level at a threshold of 1.34 and falling thereafter. Betting 

on all outcomes whose odds are equal to or less than 1.34 yields a return of 0.75% when mean odds 

are used and 3.02% for best odds. This strategy implies placing a total of 3,793 bets across the eight 

seasons under investigation, or on average 474 bets per season. 82.05% of these bets turned out to be 

successful in my data, resulting in the above-mentioned rates of return. Furthermore, for almost all 

thresholds between 1.21 and 1.39 a positive return is detected when mean odds are used. The only 

exceptions are small negative returns recorded at thresholds of 1.22, 1.27 and 1.30. This result suggests 

that bettors may benefit from a positive rate of return even if a sub-optimal threshold is chosen. When 

best odds are used, this evidence becomes even clearer as bets at all odds thresholds between 1.10 and 

1.40 deliver a positive expected return. This reduces the importance of choosing the optimal cut-off 

point for the strategy to be profitable. 

 

5.2.3 Robustness of Results 

As shown in the previous subchapter, betting on outcomes whose odds are equal to 1.34 or less yields 

the highest expected rate of return, which is positive for both betting at mean odds and best odds. 

However, this optimal threshold, as well as the rates of return, are computed using the whole eight 

seasons under consideration. Yet, it could be the case that the profitability of betting at this threshold 

varies greatly from season to season, so that the performance of such a strategy depends heavily on 

the period of investigation. For example, it could be the case that the profitability of the strategy was 

high for the first seasons and then decreased gradually, as bettors and bookmakers detected the 

opportunity of positive returns and traded it away. Contrariwise, it could also be the case that the 

profitability of the strategy is a relatively new phenomenon, so that positive returns are only achievable 

in more recent seasons. In order to investigate these dynamics, Figure 10 presents the rates of return 

that are achieved in every season when bets are placed on all outcomes with odds of 1.34 or lower.  
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Figure 10: Rates of Return, by Season (Betting Threshold of 1.34) 

Notes: This table indicates various statistics broken down by season for betting rules consisting in backing all bets whose odds are less than or 
equal to 1.34. Mean is unweighted arithmetic mean. Sample includes 62,233 football matches played in 22 different divisions in Europe from the 
2010/11 season until the 2017/18 season. 

 

As observable, there is no clear trend of steadily rising or falling returns. If at all, it seems to be the 

case that the strategy has been particularly profitable in the middle of my period of investigation, 

between the 2012/13 and the 2015/16 seasons. When mean odds are used, instant rates of return are 

positive for half of the seasons with an unweighted arithmetic mean return of 0.82% across all seasons. 

The lowest return is recorded for the first season under investigation. When betting at the best 

available odds the strategy yields positive returns for all eight seasons with an unweighted mean return 

of 3.10%. These results indicate that the threshold of 1.34 seems to be relatively stable across all 

seasons, as it is not the case that the threshold delivers a return below the expected market return of 

-1.80% in any season. Thus, expected average returns are abnormal across all seasons. Furthermore, 

Figure 10 illustrates that in each season a comparable number of at least 400 bets are placed when 

following the strategy, so that the number of matches with odds at or below the threshold also remains 

relatively stable. 

A further concern is the fact that the optimal threshold of 1.34 is computed using the historical data 

of all eight seasons, which is only available after these eight seasons have been played. Hence, the 

threshold is only known ex post. As a robustness check I therefore calculate out-of-sample rates of 

return based on real-time information that is available at the beginning of each season. This is done 

by computing the optimal threshold for every season using only information available at that point in 

time. Rates of return for subsequent seasons are then calculated based on these in-sample thresholds. 

Figure 11 displays the result of this analysis for mean odds. 

 

 

2010/11 406       322       79.31   1.64-     0.82     

2011/12 482       389       80.71   0.52-     1.87     

2012/13 406       335       82.51   1.76     4.38     

2013/14 477       402       84.28   3.37     5.56     

2014/15 448       380       84.82   4.07     6.19     

2015/16 472       388       82.20   0.98     3.22     

2016/17 510       415       81.37   0.44-     1.76     

2017/18 592       481       81.25   1.04-     1.01     

Mean 474.13 389.00 82.06   0.82     3.10     

Return with 

best odds (%)Season Number of bets Number of wins

Win frequency 

(%)

Return with 

mean odds (%)
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Figure 11: Out-of-Sample Rates of Return, using Mean Odds 

Notes: This table shows instant rates of return under various scenarios. Column 1 indicates the first in-sample season over which the optimal 
threshold is computed, column 2 denotes 𝑡, the last in-sample season, column 3 reports the optimal threshold over the in-sample seasons, column 
4 indicates the in-sample average instant rate of return, column 5 displays average instant rates of return obtained by using the threshold over 
the next season and column 6 indicates the return when the same threshold is used until the end of the last season. Mean is unweighted 
arithmetic mean. Sample includes 62,233 football matches played in 22 different divisions in Europe from the 2010/11 season until the 2017/18 
season. 

 

A few results stand out. Optimal thresholds for each season are relatively stable and with very little 

variance. After just three in-sample seasons the optimal threshold is equal to the previously found 

value of 1.34, and once this threshold is reached it does not change when including more in-sample 

seasons. Also, the optimal threshold for the first two seasons is only somewhat larger at 1.39. In 

addition, out-of-sample returns for the next season (column 5) are positive in three out of seven 

seasons and are positive on average with a value of 0.72%. The lowest return recorded in any season 

is equal to -1.39% for the first season.26 Similar results are observed for out-of-sample returns where 

the same threshold is used until the last season (column 6). The unweighted arithmetic mean return is 

also slightly positive at 0.04%. These results suggest that updating the threshold every year and 

applying the obtained threshold for the next season is optimal, as this strategy yields a higher average 

return than keeping the same threshold for all subsequent seasons. Furthermore, using real-time data 

to compute optimal thresholds instead of ex post data over all seasons reduces the mean rate of return, 

but only marginally from 0.82% (mean return in column 5 of Figure 10) to 0.72% (mean return in 

column 5 of Figure 11). 

Appendix G reveals the same statistics when the best odds are used instead of mean odds. The results 

are even more striking. The optimal threshold is also very stable across all seasons, next-season returns 

are positive in all seasons with an unweighted mean return of 2.96% and updating the threshold every 

season is advantageous compared to keeping the same threshold until the last season (mean return of 

                                                 
26 It is noted that this rate of return is still above the expected market return, and thus abnormal. 

2010/11 2010/11 1.39     0.03     1.39-     0.07     

2010/11 2011/12 1.39     0.73-     0.51-     0.31     

2010/11 2012/13 1.34     0.16-     3.37     1.22     

2010/11 2013/14 1.34     0.79     4.07     0.71     

2010/11 2014/15 1.34     1.45     0.98     0.24-     

2010/11 2015/16 1.34     1.37     0.44-     0.77-     

2010/11 2016/17 1.34     1.08     1.04-     1.04-     

Mean 1.35     0.55     0.72     0.04     

Out-of-sample 

return over 

[t+1:2017/18](%)

First in-sample 

season

Last in-sample 

season t

In-sample optimal 

threshold over 

[2010/11:t]

In-sample return 

over [2010/11:t] 

(%)

Out-of-sample 

return over [t+1] 

(%)
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2.23%). Overall, the returns using real-time data are also slightly lower compared to using ex post data 

(mean return of 2.96% instead of 3.10%). 

 

5.2.4 Comparison and Relevance of Results 

The results of my analysis indicate the presence of a strong favourite-longshot bias in my data on 

European football betting. It is clearly shown that the rate of return of betting decreases with an 

increase in the underlying betting odds, so that bets on favourites yield a significantly higher return 

than bets placed on longshots. Furthermore, the return from bets placed on favourites is abnormally 

high. This detection of a favourite-longshot bias is in line with the majority of previous studies on 

market efficiency in European football betting markets. Among others, Cain, Law, and Peel (2000), 

Deschamps and Gergaud (2007) and Vlastakis, Dotsis, and Markellos (2009) present evidence of the 

existence of a favourite-longshot bias in their data, as all authors come to the conclusion that betting 

at lower odds yields a higher expected return than betting at higher odds. However, a major difference 

between their results and mine is the fact that none of the above-mentioned studies detect profitable 

betting opportunities as a result of the bias. In contrast, my results suggest that expected returns are 

positive on average, regardless of whether mean odds or best available odds are used for the 

computation. This discrepancy is likely to be caused by the different time period under investigation. 

As shown in Chapter 4, average bookmaker margins have been decreasing in recent years, especially 

since Pinnacle Sports entered the market in 2012.27 As a comparison, Cain, Law, and Peel (2000), 

Deschamps and Gergaud (2007) and Vlastakis, Dotsis, and Markellos (2009) all report average 

bookmaker margins in excess of 12% in their data. Whereas, the average bookmaker margin across all 

seasons in my dataset is below 7%. Exploiting a bias in market efficiency only allows for positive 

returns on the part of bettors when the bias is large enough to compensate for the expected loss 

caused by bookmaker margins. It is therefore evident that a strategy of exploiting the favourite-

longshot bias is much more likely to be profitable in my study, where margins are rather low, compared 

to studies conducted over a decade ago when margins were relatively higher.  

The results reported by Direr (2011) are most similar to mine. To the best of my knowledge, the 

analysis of Direr is the only one in the context of European football betting that reveals both a 

favourite-longshot bias and profitable betting opportunities as a result of the bias. Direr also 

distinguishes between using mean odds and best available odds and reports rates of return for both 

approaches. In order to maximize the expected return, the author computes an optimal odds threshold 

of 1.19, which is lower than the threshold of 1.34 I find in my study. Furthermore, he reports instant 

                                                 
27 As reported in Chapter 4, Pinnacle Sports charges substantially lower margins than the market average. 
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rates of return of 2.78% with mean odds and 4.45% when best odds are chosen when betting at this 

threshold. These returns are also somewhat higher than the rates of return I compute, which are 0.75% 

and 3.02%, respectively. However, these differences are likely to be the result of the different time 

period under investigation as well as miscellaneous leagues and countries investigated. Repeating my 

analysis with the data used by Direr (2011), I estimate very similar results to those reported by Direr. 

This observation reinforces my assumption that the differences in results stem from differences in the 

underlying data, rather than differences in the method of investigation. 

Overall, my results present evidence against the hypothesis of weak form information efficiency on 

betting markets. As Sobel and Ryan (2008) claim, market efficiency requires that, on average, all bets 

result in the same expected return. Put differently, in a weakly efficient market it is impossible to earn 

a better expected return than the average market return by choosing a set of bets based on the level 

of their odds. This requirement is clearly violated in my dataset, as bets at low odds yield a constituently 

and significantly higher return than bets placed at high odds. Furthermore, the return of bets at low 

odds is significantly higher than the expected market return, and thus abnormal. Both of these 

observations are robust at the 5% significance level. This is clear evidence against the hypothesis of 

weak form market efficiency and implies that the use of information on historical betting odds and 

corresponding yields allows for abnormal expected betting returns. 

As previously highlighted in the literature review in the third chapter of this paper, a number of 

theories for the emergence of the favourite-longshot bias exist. Following Griffith (1949), it may be 

the result of a cognitive bias on the part of bettors, who systematically overestimate the likelihood of 

small probabilities and underestimate large ones. Similarly, Weitzman (1965) states that the bias may 

be caused by risk-loving bettors, who have a preference for larger variance in the returns of their bets. 

Finally, Shin (1991) and Hurley and McDonough (1995) point out that the favourite-longshot bias 

may also result from the behaviour of rational and profit-maximizing bookmakers, who skew the odds 

on longshots in order to limit their potential losses from such bets. 

The exact causes of the existence of the favourite-longshot bias are still unsettled, but the majority of 

recent research assumes a mixture of cognitive biases on the part of bettors, as well as financial 

considerations on the part of bookmakers, to be drivers of the bias. Direr (2011) argues that the 

presence of profitable betting opportunities strongly challenges the hypothesis of rationally acting 

participants, which is a key assumption for the existence of efficient markets. The observation that 

profitable betting opportunities exist across all seasons suggests that such opportunities are not 

exploited away by bettors. Direr concludes that this fact presents evidence against rationally acting 

bettors. Additionally, he also doubts that bookmakers quote odds in a rational way under such a 

situation, as severely underpricing bets on favourites exposes bookmakers to potentially large losses. 
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Therefore, Direr claims that a betting market, which experiences a favourite-longshot bias and allows 

for positive returns is not efficient, due to irrationally acting bettors and bookmakers. 

In conclusion, my analysis confirms the presence of a strong favourite-longshot bias in my data. This 

bias is large enough to allow for significant abnormal and positive expected returns, on average. 

Furthermore, the results are robust across seasons and to out-of-sample tests. Therefore, my results 

imply that the betting market under consideration allows for abnormal returns when placing bets 

based on the level of odds, which directly relates to my research Sub-question I. This finding strongly 

challenges the hypothesis of weakly efficient betting markets. 

 

 

5.3 Investigating the Presence of Arbitrage Opportunities 

This section examines the presence of arbitrage opportunities in my dataset. It is therefore directly 

linked to Sub-question II. An arbitrage opportunity exists if a bettor can realize a risk-free profit by 

combining the odds of several bookmakers. Thus, the concept behind arbitrage betting is to reverse 

the bookmaker margin to the benefit of the bettor by creating an under-round book, a situation where 

the implied probabilities of all outcomes of a match sum up to less than one. Dixon and Pope (2004) 

argue that the existence of arbitrage opportunities contradict the assumptions of efficient markets, as 

a strategy of shopping around across various bookmakers should not yield abnormal returns in an 

efficient market.  

 

5.3.1 Methodology 

In order to test for the presence of arbitrage opportunities in my data I analyse the implied 

probabilities of each match when best available odds are used for betting. Based on this, I calculate 

the combined implied bookmaker margin for each match. Therefore, my approach builds upon the 

work of Dixon and Pope (2004) and Vlastakis, Dotsis, and Markellos (2009). As before, I pool the 

matches of all seasons and various divisions together, so that my study includes 62,233 football 

matches played across 22 national championships between the seasons of 2010/11 and 2017/18. 

In order to achieve a risk-free arbitrage profit on a given match, odds from more than one bookmaker 

are required. In my analysis I therefore compare all available odds for each outcome and choose the 

bookmaker offering the highest odds on each. This is done for each outcome in every match. The 

result is a so-called ‘synthesized book’ for every match, which consists of the highest available odds 

on a home win, a draw and an away win. In the next step, I calculate the implied probability for each 
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outcome as the reciprocal of the odds and take the sum of the three implied probabilities of a match. 

If the sum of these implied probabilities is below one, the bookmaker margin of the synthesized book 

is negative and thus an arbitrage opportunity exists. In accordance with Vlastakis, Dotsis, and 

Markellos (2009) and noted mathematically, for every match I test whether the following equation 

holds: 

 

 𝑠𝑚 =∑
1

max𝑑𝑚𝑖

3

𝑖=1

< 1 (8) 

 

where 𝑠𝑚 is the sum of the implied probabilities of the synthesized book for match 𝑚 and max𝑑𝑚𝑖 

denotes the maximum quoted odds on outcome 𝑖 in match 𝑚 from the set of all available bookmakers. 

A risk-free arbitrage profit in the amount of 
1

𝑠
− 1 exists for those matches where Equation 8 holds. 

In order to take advantage of such an arbitrage opportunity a bettor must place a combined bet on 

the respective match. For that matter, the total amount wagered must be divided between bets on 

each outcome in proportion to the odds of each outcome. Mathematically, of the total amount 

wagered on each match a proportion 𝑤𝑚𝑖 is bet on each outcome of that match, where 𝑤𝑚𝑖 is given 

by: 

 

 𝑤𝑚𝑖 =
𝜋𝑚𝑖
𝑠𝑚

 (9) 

 

here, 𝜋𝑚𝑖 is the implied probability of outcome 𝑖 in match 𝑚 based on best available odds and 𝑠𝑚 

again denotes the sum of implied probabilities of the synthesized bet for the respective match. In my 

analysis I assume that a total amount of one is bet on every match where arbitrage opportunities exist, 

which results in an instant rate of return of 
1

𝑠
− 1 for such matches. 

In order to test for the presence of arbitrage opportunities I perform the above presented calculations 

for every match in my data. This allows me to infer whether arbitrage opportunities exist, and if so, it 

enables me to calculate the expected rate of return of exploiting such opportunities from a bettors 

perspective. 
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5.3.2 Results 

Figure 12 displays the percentile fraction of matches in which arbitrage opportunities exist (left hand 

y-axis) and well as the instant rate of return achieved when placing a unit bet on these matches (right 

hand y-axis) for every season.  

 

Figure 12: Matches with Arbitrage Opportunities and corresponding Returns, by Season 

 

Notes: Sample includes 62,233 football matches played in 22 different divisions in Europe from the 2010/11 season until the 2017/18 season. 

 

Three observations are striking. Firstly, arbitrage opportunities exist across all seasons. Secondly, the 

fraction of matches in which an arbitrage strategy can be constructed is non-negligible, ranging 

between 1.38% and 9.70% of all matches played in a season. In addition, the fraction of matches with 

arbitrage opportunities experiences a noticeable and significant increase in the 2012/13 season. In all 

subsequent seasons the fraction remains at this considerably higher figure of around 9%, while the 

average fraction across all seasons is equal to 7.30%. Thirdly, the rate of return when exploiting such 

arbitrage opportunities is relatively stable across all seasons, varying between 0.75% and 1.09%. On 

average and across all seasons arbitrage opportunities yield a return of 0.87%. However, in one match 

the arbitrage return is as high as 14.45%. 
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Figure 13: Matches in which Arbitrage Odds are quoted, by Bookmaker 

Notes: B365 = Bet365; BW = Bet&Win; IW = Interwetten; LB = Ladbrokes; PS = Pinnacle Sports; VC = Victor Chandler; WH = William Hill. 

 

Figure 13 further investigates the possible causes for the sudden rise in the fraction of arbitrage 

matches in the 2012/13 season. The figure displays the fraction of occasions in which a respective 

bookmaker has quoted odds that can be used as part of an arbitrage bet for at least one outcome in a 

match. To further clarify, one has to keep in mind that a bettor must place a total of three bets to 

exploit an arbitrage. These bets include wagers on the home team, on a draw outcome and on the 

away side. Furthermore, each of these bets is placed at the best available odds. The figure illustrates 

in how many cases a bookmaker has quoted at least one of such best available odds, or in other words 

it illustrates how often a bookmaker has quoted the best available odds on an outcome, compared to 

the odds of all other bookmakers for that outcome. For simplification, this fraction is shown for the 

seven bookmakers still in business at the end of the last season only.28 

Especially one observation in Figure 13 is remarkable. Most bookmakers quote odds such that the 

odds on at least one outcome are the best available on the market in 20% to 30% of the matches. This 

means that roughly in every fourth match the respective bookmaker offers odds on at least one 

                                                 
28 As noted before, the bookmakers Gamebookers (GB), Sportingbet (SB), Stan James (SJ) and Blue Square (BS) ceased 
to exist at some point during my period of investigation. However, their odds are used in all analyses whenever available. 
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outcome that are superior to the odds of all competitors. However, the figure also indicates that the 

bookmaker Pinnacle Sports (PS) offers at least one of such best available odds in around 90% of all 

matches.  

As previously noted, Pinnacle Sports is the bookmaker operating with the lowest average bookmaker 

margin across all bookmakers under consideration. Also, as mentioned before, the fraction of matches 

in which an arbitrage opportunity exists (Figure 12) increased significantly in the 2012/13 season, 

which is exactly the season in which Pinnacle Sports started its operation. These observations imply 

that, due to charging a lower margin on average, Pinnacle Sports quotes best available odds on at least 

one outcome in the majority of games. As a result of these enhanced odds, the number of arbitrage 

opportunities also increased significantly when Pinnacle began its activities in the 2012/13 season. 

 

Figure 14: Matches with Arbitrage Opportunities, by Division 

Notes: B1 = First Division A; D1 = Bundesliga; D2 = 2. Bundesliga; E0 = Premier League; E1 = Football League Championship; E2 = Football League 
One; E3 = Football League Two; EC = National League; F1 = Ligue 1; F2 = Ligue 2; G1 = Super League; I1 = Serie A; I2 = Serie B; N1 = Eredivisie; P1 
= Primeira Liga; SC0 = Scottish Premiership; SC1 = Scottish Championship; SC2 = Scottish League One; SC3 = Scottish League Two; SP1 = La Liga; 
SP2 = Segunda Division; T1 = Süper Lig. 
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To further analyse the emergence of arbitrage opportunities, Figure 14 presents the fraction of 

matches allowing for arbitrage for every division separately. As observable, tremendous differences 

exist across the various divisions. While in the second division of Spain, the Segunda Division (SP2), 

only 1.44% of all matches allowed for arbitrage, this fraction is as high as 19.85% for the German 

Bundesliga (D1). This difference indicates that, in relative terms, arbitrage opportunities in the 

Bundesliga exist almost 14 times as often as in the Segunda Division. As reported before, on average 

7.30% of all matches offer arbitrage opportunities. Interestingly however, only six divisions record 

fractions of arbitrage matches above this average, whereas the remaining 16 divisions exhibit lower 

fractions. An additional interesting observation can be made when comparing Figure 14 with Figure 

4 from Chapter 4, which shows the average bookmaker margins across the different divisions. The 

divisions experiencing the lowest average margins are the English Premier League (E0), the Spanish 

La Liga (SP1), the German Bundesliga (D1), the Italian Serie A (I1) as well as the French Ligue 1 (F1). 

Strikingly, it is exactly these five divisions that feature the highest fraction of arbitrage opportunities 

among all divisions, as highlighted in Figure 14 above. However, the seven divisions recording the 

lowest fraction of arbitrages are all among those divisions experiencing above-average bookmaker 

margins. These observations imply that divisions with lower average bookmaker margins tend to 

permit more arbitrage opportunities, and vice versa.  

Ultimately, the observations of Figure 13 and Figure 14 described above suggest that lower bookmaker 

margins might be a significant driver of the existence of arbitrage opportunities. The intuition behind 

this assumption is simple. In order for an arbitrage to exist, the margin of the synthesized book, 

constructed by placing bets at different bookmakers, must be negative. For this margin to be negative, 

the differences in quoted odds across bookmakers must be large enough to compensate for the actual 

margin of the bookmakers. If actual bookmaker margins are lower, differences in odds across 

bookmakers do not need to be so large to allow for profitable arbitrage opportunities. Put differently, 

in order for an arbitrage to arise the price differences must exceed the transaction costs involved. If 

transactions costs decrease in the form of lower margins, smaller price differences allow arbitrage 

opportunities. In the hypothetical most extreme case of zero average margins charged by bookmakers 

an infinitesimally small difference in quoted odds is enough to allow for profitable arbitrage. 

In order to statistically test the effect of bookmaker margins on the existence of arbitrage 

opportunities, I run two linear regressions. The first regression is a simple ordinary least squares (OLS) 

regression, where the average bookmaker margin for each match is regressed onto a dummy variable, 

indicating the presence of an arbitrage for each match. The second regression is a multiple OLS 

regression, which additionally controls for the number of bookmakers quoting the given match as well 

as the respective division the match is played in.  
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Formally, the two regressions take the following form: 

 

 𝜕𝑎𝑟𝑏𝑚 = 𝛽0 + 𝛽1�̅�𝑚 (10) 

 

 𝜕𝑎𝑟𝑏𝑚 = 𝛽0 + 𝛽1�̅�𝑚 + 𝛽2𝑁𝑚 +∑𝛽ℎ+2𝛿ℎ

𝐻−1

ℎ=1

 (11) 

 

Where 𝜕𝑎𝑟𝑏𝑚 is a dummy variable, which is one if an arbitrage opportunity exists in match 𝑚 and 

zero otherwise, �̅�𝑚 denotes the average margin across all bookmakers for match 𝑚 as a decimal 

number,29 𝑁𝑚 represents the number of different bookmakers quoting the respective match, 𝛿ℎ is a 

dummy variable for each division in my dataset, being one if the match is played in that respective 

division and zero otherwise and 𝐻 denotes the total number of divisions in my dataset. In order to 

avoid perfect multicollinearity, only 21 division dummy variables are included, although there are 22 

divisions present in my data. The dummy variable for the Scottish Premiership (SC0) is dropped, as 

this division has a fraction of arbitrage matches closest to the overall average fraction across all 

divisions.30  

The regression results are shown in Appendix H, where column 1 correspond to the regression shown 

in Equation 10 and column 2 belongs to Equation 11: 

As indicated by the beta value of �̅�𝑚, the average bookmaker margin for a given match seems to have 

a significant effect on the dependent variable, which is the occurrence of arbitrage opportunities. The 

beta is negative and significant at the 1% level, indicating that a higher margin is associated with a 

decrease in the dependent variable. As the dependent variable 𝜕𝑎𝑟𝑏𝑚 is a dummy variable, its value 

can be interpreted as the likelihood of the emergence of an arbitrage. The values of �̅�𝑚 denote the 

bookmaker margin, expressed as a decimal number. Therefore, dividing the beta value of -3.829 by 

100 yields −
3.829

100
= −0.03829, which is the associated decrease of the value of 𝜕𝑎𝑟𝑏𝑚 for a 1% 

increase in the margin. In other words, increasing the bookmaker margin by 1% is expected to decrease 

the likelihood of the existence of an arbitrage opportunity by 3.83%. The reverse is true when 

decreasing the bookmaker margin. Thus, a lower bookmaker margin is expected to have a significant 

positive effect on the existence of arbitrages.  

                                                 
29 The margin is given as a decimal number in the way that an average margin of 6% is noted as 0.06. 
30 6.96% of all matches in the Scottish Premiership allowed for arbitrage, compared to an average fraction of 7.30% 
across all divisions. 
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Additionally, the value of the constant of 0.339 can be interpreted as the likelihood of a match offering 

an arbitrage opportunity when the bookmaker margin is zero. Thus, a match with an average 

bookmaker margin of zero is expected to yield an arbitrage in 33.90% of cases. However, it should be 

noted that the resulting values are somewhat misleading, as the underlying regression is a linear OLS 

regression and the dependent variable is binary. Thus, the primary motivation of this regression is to 

test the significance and the sign of the independent variables, rather than calculating and interpreting 

the exact values of the betas.31  

Column 2 reports the results when additionally controlling for the number of bookmakers quoting on 

a match as well as the respective division of the match. Interestingly, the beta value of the variable 

𝑁𝑚, as well as the betas of 11 division dummy variables, are significant at the 99% confidence level. 

Thus, increasing the number of different bookmakers quoting on a match seems to increase the 

likelihood of arbitrage opportunities. The same is true for the inclusion of dummy variables indicating 

the division a match is played in. Furthermore, the beta of the �̅�𝑚 variable is again negative and 

statistically significant at 99%, while its value is even higher than in column 1. The constant also 

remains highly significant and the 𝑅2 of the regression improves as well, indicating that Equation 11 

explains more of the variation of arbitrage opportunities than Equation 10. 

In summary, the regression results suggest that the average bookmaker margin has a statistically 

significant negative impact on the likelihood of the appearance of arbitrage opportunities. These 

results are also robust when controlling for the number of bookmakers quoting a given match, as well 

as the inclusion of dummy variables for the various divisions. Therefore, it seems that lower 

bookmaker margins are indeed a significant driver of the existence of arbitrage opportunities in my 

data, which is in line with my assumption. This evidence suggests that the differences in the fractions 

of matches yielding arbitrage opportunities across different seasons and divisions, as illustrated in 

Figure 12 and Figure 14, are at least partially driven by differences in average bookmaker margins. 

 

5.3.3 Comparison and Relevance of Results 

The results of my analysis indicate that arbitrage opportunities are relatively common in my data and 

exploiting such opportunities yields a moderate positive return. On average, I detect arbitrages to exist 

in 7.30% of all matches, yielding an average rate of return of 0.87%. While the average return is 

relatively stable across seasons, the fraction of matches experiencing arbitrage opportunities varies 

significantly across different seasons and divisions. 

                                                 
31 As the independent variables do not record many extreme values the chosen linear probability model delivers adequate 
results for interpretation. 



Efficiency of European Football Betting Markets  V. Kandaurov 

62 
 

To the best of my knowledge, my results suggest that arbitrage opportunities exist far more often in 

my dataset than in any other empirical study on this matter. For example, Vlastakis, Dotsis, and 

Markellos (2009) investigate the odds on football matches in Europe between the years of 2002 and 

2004. The authors come to the conclusion that arbitrages exist in roughly 0.5% of all matches in their 

analysis, which is a considerably lower fraction than the one I find. On the other hand, the authors 

calculate the average arbitrage return to be 21.78%, with the maximum return, in one case, exceeding 

200%. Thus, they report significantly higher returns than I do. However, the authors themselves 

present a number of explanations for their unanticipated results. Firstly, they only compare the odds 

of a total of five bookmakers, in contrast to the eleven bookmakers in my analysis. The authors state 

that they expect the number of arbitrage opportunities to increase when more bookmakers are 

included, as more odds are available for a potential strategy of shopping around. Secondly, the authors 

include the odds of four online bookmakers and one offline bookmaker. They argue that, naturally, 

an offline bookmaker cannot adjust his odds as frequently as an online bookmaker, for example 

because the quoted odds are printed on flyers and other marketing material which the offline 

bookmaker issues. Interestingly, the authors claim that the high average return of arbitrage bets is 

mostly due to odds quoted by this offline bookmaker. Therefore, it seems to be the case that the 

inability of the offline bookmaker to adjust his odds frequently allows for rare, but highly profitable 

arbitrage opportunities. 

Similarly, Pope and Peel (1989) investigate the odds of four different offline bookmakers for the 

1981/82 football season in the UK. Their analysis reveals that different bookmakers quote 

significantly different odds. Furthermore, they state that there are several instances of arbitrage 

opportunities, although the authors do not report an exact number of such occasions. It is only 

reported that the possible arbitrage return is as high as 12% in one case. This is comparable to the 

maximum arbitrage return of 14.45% in my analysis. 

Dixon and Pope (2004) also examine the odds of different offline bookmakers. They focus on football 

matches in the UK between 1993 and 1996 and investigate the odds of three different bookmakers. 

The authors discover that odds from different bookmakers are statistically different from one another 

on some occasions. However, they do not find a single case in which the difference among 

bookmakers is large enough to permit an arbitrage. 

Overall, I find a much higher fraction of matches offering arbitrage opportunities in my analysis than 

any other research on European football betting markets. I assume mainly two factors to be the cause 

of this difference. Firstly, I utilize betting odds from a total of eleven different bookmakers in my 

analysis, whereas the previously mentioned articles of Vlastakis, Dotsis, and Markellos (2009), Pope 

and Peel (1989) and Dixon and Pope (2004) make use of five different bookmakers at most. Vlastakis, 
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Dotsis, and Markellos (2009) state that they expect the inclusion of a higher number of bookmakers 

to increase the occasions of arbitrages. This assumption is reinforced by my regression results 

(Appendix H, column 2), as I find the number of bookmakers quoting odds on a given match to be a 

significant driver of arbitrage opportunities. As far as I know this relationship has not been tested 

empirically before. 

Secondly, average bookmaker margins are much lower in my data, compared to margins in the afore 

mentioned studies. While Pope and Peel (1989) disclose average bookmaker margins of around 10% 

for their data, Vlastakis, Dotsis, and Markellos (2009) and Dixon and Pope (2004) report average 

margins in excess of 12%. In contrast, the average margin across all bookmakers is below 7% in my 

study, while the bookmaker Pinnacle Sports operates at an average margin of around 2.6%. My 

observations of varying arbitrage opportunities across different bookmakers and divisions (Figure 13 

and Figure 14) as well as the results of my regression analysis (Appendix H) indicate a highly significant 

negative relationship between bookmaker margins and arbitrage opportunities. To the best of my 

knowledge, this link has also not been analysed statistically before. Based on these observations and 

results, I assume the higher fraction of arbitrage matches in my study to be driven by the larger number 

of bookmakers included in the study, as well as considerably lower bookmaker margins present in my 

data. 

Vaughan Williams (2005) argues that the existence of persistent and exploitable arbitrage opportunities 

challenges the assumption of a weakly efficient market, as it presents evidence against rationally acting 

bettors. Furthermore, Franck, Verbeek, and Nüesch (2013) state that in an efficient betting market no 

better predictor of the outcome´s true probability exists than the quoted odds themselves. However, 

this requires that all quoted odds imply the same probability for a given outcome. For that matter, 

small differences in odds may still result in the same implied probabilities, as the exact distribution of 

the bookmaker margin across each possible outcome is unknown.32 However, the presence of 

arbitrage opportunities challenges the consistency of implied probabilities and thus also challenges the 

existence of a weakly efficient market. Nevertheless, Franck, Verbeek, and Nüesch (2013) also note 

three reasons why an arbitrage bet may not be entirely risk-free. Firstly, they state the eventuality of 

the bookmaker going bankrupt during the course of the bet and thus being unable to pay out winning 

bets. Secondly, the authors mention the possibility of bookmakers cancelling bets after they have been 

placed, for example due to technical problems or suspicion of fraud. Thirdly, and most importantly, 

Franck et all. point to execution risk involved when exploiting an arbitrage. In order to do so, a total 

of three bets with at least two different bookmakers must be placed by the bettor. In practice it may 

therefore be possible that the odds on one outcome changes unfavourably while the bettor places the 

                                                 
32 For example, a bookmaker may choose to add his whole margin on the quoted odds of one outcome. On the other 
hand, he may add an equal share of his margin on each outcome. 
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other bets. This would result in an unhedged position and the return would no longer be independent 

from the actual outcome of the match. 

Altogether, my results suggest that the betting market in my analysis experiences numerous arbitrage 

opportunities and exploiting these yield abnormal and positive profits. However, it is questionable 

whether this profit is completely risk-free in reality, as a number of potential risks in conjunction with 

the exploitation of such arbitrages exist. Therefore, the results of my analysis seem to contradict the 

assumption of a weakly efficient betting market with regards to the possibility of arbitrage. However, 

the final assessment of this matter depends upon the severity of potential risks associated with 

strategies aimed at exploiting such arbitrages in reality. 

 

 

5.4 Investigating the Exploitability of Disagreement among Bookmakers 

This section investigates the return pattern of a more sophisticated betting strategy. The betting 

strategy aims to exploit price differences and the level of disagreement that exists among the different 

bookmakers. It is therefore directly related to Sub-question III. Furthermore, the strategy presented 

here is related to arbitrage betting, but does not depend upon finding odds that allow for an immediate 

and risk-free arbitrage profit. Rather, the basic concept of the strategy is to use the variation of odds 

across different bookmakers to infer the level of disagreement prevailing among bookmakers. This 

disagreement is then used to identify outlying odds, which are higher than the average odds in the 

market. The hypothesis is that betting at these outlying odds yields a positive expected return. Hence, 

the strategy focusses on betting at the best available odds on a given outcome if and only if the 

disagreement among bookmakers for this outcome is high enough. The intuition behind such a 

strategy is closely related to the contributions of Paton and Vaughan Williams (2005) and Vaughan 

Williams (2005). The authors analyse the spread betting market for European football. In this market 

the bookmaker offers a certain spread on the frequency of a given incident, for example the number 

of corners or the number of yellow cards shown in a match. The authors detect numerous occasions 

where profitable betting strategies can be constructed when the spread offered by one bookmaker is 

significantly different than the average spread in the market. They refer to such occasions as Quasi-

Arbitrage opportunities, or Quarbs.33  

Similarly, Deschamps and Gergaud (2007) explain the hypothesis underlying the strategy investigated 

in this chapter in the following way: When multiple bookmakers quote different odds on the outcome 

                                                 
33 For a more detailed explanation of these studies the reader is referred to the correspondent part on Quarbs in the 
third chapter. 
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of a match it is most likely that the average odds represent the best estimate of the true winning 

probability of that outcome. On the other hand, if one bookmaker offers significantly better odds on 

this outcome it is likely that he has set a wrong price. Exploiting such a wrong price might therefore 

be profitable. However, if all bookmakers quote the exact same odds, so that no disagreement among 

bookmakers exists, the expected return is equal to the margin of the bookmakers, and thus negative. 

As Deschamps and Gergaud (2007) summarize it, the presented strategy builds upon the assumption 

that the average market price is a good indicator of the true probability, while the outlier price is not. 

Therefore, my analysis is concerned with the question whether the rate of return of betting depends 

on the level of disagreement among bookmakers. This is done by investigating whether bets placed at 

outlying odds yield abnormal and positive returns. Consequently, this subchapter focusses on 

answering Sub-question III. 

 

5.4.1 Methodology 

I follow the approaches of Paton and Vaughan Williams (2005) and Deschamps and Gergaud (2007) 

to measure the level of disagreement between bookmakers and compute respective returns in my 

analysis. Therefore, I calculate the dispersion of all quoted odds for each match and each possible 

outcome separately. In accordance with Deschamps and Gergaud (2007), this is done by computing 

the mean absolute deviation of all available odds on a single outcome in the following way: 

 

 𝑀𝐴𝐷𝑚𝑖 =
1

𝑁
∑ |𝑑𝑛𝑚𝑖 − �̅�𝑚𝑖|

𝑁

𝑛=1

 (12) 

 

𝑀𝐴𝐷𝑚𝑖 denotes the mean absolute deviation for match 𝑚 and outcome 𝑖, 𝑁 represents the number 

of bookmakers quoting on the respective match, 𝑑𝑛𝑚𝑖 indicates the odds of bookmaker 𝑛 for match 

𝑚 and outcome 𝑖 and �̅�𝑚𝑖 represents the average odds of match 𝑚 and outcome 𝑖, calculated as the 

unweighted arithmetic mean across the odds of all bookmakers for the respective outcome. The 

resulting 𝑀𝐴𝐷 is higher the more the bookmakers disagree on the odds. As this procedure is done 

for each outcome in each match separately, I get 62,233 ∗ 3 = 186,699 𝑀𝐴𝐷𝑚𝑖 in total.34 

                                                 
34 As 62,233 matches are represented in my dataset, I compile this number of MAD for each outcome of a match. Thus, 
62,233 MAD exist for the home odds and the same number of MAD exists for draw and away odds. 
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However, as Deschamps and Gergaud (2007) note, 𝑀𝐴𝐷𝑚𝑖 is naturally very strongly correlated with 

�̅�𝑚𝑖 . To illustrate this, let us assume the following simple example with the following hypothetical 

odds on the home side, quoted by two bookmakers only: 

 

Match 1  

Odds of Bookmaker A: 10.5 

Odds of Bookmaker B: 9.5 

 

Match 2  

Odds of Bookmaker A: 1.68 

Odds of Bookmaker B: 1.52 

 

In the first match, the average odds on the home side is equal to 
10.5+9,5

2
= 10, whereas the average 

in the second match is 
1.68+1.52

2
= 1.60. In both matches, Bookmaker A quotes odds that are 5% 

higher than the market average odds, while Bookmaker B quotes 5% below the market average. 

However, calculating the mean absolute deviation for both matches according to Equation 12 reveals 

that the 𝑀𝐴𝐷 for Match 1 is equal to 0.5, while the 𝑀𝐴𝐷 for Match 2 is only 0.08. This example 

highlights the observation that the mean absolute deviation of odds is naturally higher for longer odds. 

Therefore, in order to get meaningful and comparable results I need to remove the effects that the 

absolute level of odds have on the mean absolute deviation. As Deschamps and Gergaud (2007) 

suggest, this is done by regressing 𝑀𝐴𝐷𝑚𝑖 on �̅�𝑚𝑖 and �̅�𝑚𝑖
2  for each match outcome separately, and 

thereby removing any linear and quadratic effects that �̅�𝑚𝑖 has on 𝑀𝐴𝐷𝑚𝑖 . To do so, I perform the 

following regression, separately for each match outcome: 

 

 𝑀𝐴𝐷𝑚𝑖 = 𝛽0 + 𝛽1�̅�𝑚𝑖 + 𝛽2�̅�𝑚𝑖
2 + 휀𝑚𝑖 (13) 

 

The level of disagreement between bookmakers, which is independent of the level of odds, is now 

given by the residual 휀𝑚𝑖. An 휀𝑚𝑖 > 0 indicates that the level of disagreement of bookmakers is rather 

high for match 𝑚 and outcome 𝑖, while an 휀𝑚𝑖 < 0 signals a rather low level of disagreement, given 

�̅�𝑚𝑖 . In the next step, I rank all matches in descending order based on their disagreement level 휀𝑚𝑖. 

Again, this is done separately for home odds, draw odds and away odds. Based on this ranking, I also 
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split the matches in five categories of equal size, based on their disagreement level. Namely, these 

categories are: very high, high, average, low and very low. 

After having sorted the matches in this way I compute the return of placing a unit bet at the best 

available odds on each match within the range of disagreement under investigation. This is done in 

the following way:  

 

 𝑅𝑀 = (
1

𝑀
∑(max𝑑𝑚𝑖 ∗ 𝜕𝑚𝑖)

𝑀

𝑚=1

) − 1 (14) 

 

where max𝑑𝑚𝑖 denotes the best available odds on match outcome 𝑖 in match 𝑚, 𝛿𝑚𝑖 is a dummy 

variable being equal to one if outcome 𝑖 in match 𝑚 in realized and zero otherwise, and 𝑀 is the total 

number of matches within the range of disagreement under consideration.35 𝑅𝑀 denotes the return of 

betting on all 𝑀 matches. 

This setup enables me to calculate the average instant rate of return when placing a unit bet on all 

matches with levels of disagreement higher than or equal to the chosen threshold. For example, when 

calculating the return of the disagreement category ‘very high’ for the home odds, those matches with 

the top 20% values of 휀𝑚𝑖 for home odds are included. Hence, the result is the rate of return when 

placing a unit bet on the 62,233 ∗ 20% = 12,447 matches with the highest level of home odds 

disagreement. My hypothesis is that the rate of return is higher for higher levels of disagreement across 

all outcomes, as the best available odds are too generous in such cases. Betting at such outlier odds 

may even yield positive returns. Symmetrically, the hypothesis is that the return is lower for low levels 

of disagreement, as the market outlier odds are less generous. 

 

5.4.2 Results 

Figure 15 displays the results of performing the regression of Equation 13 for the home odds. The 

mean absolute deviation of the home odds, 𝑀𝐴𝐷𝐻 , has been calculated as noted in Equation 12. As 

observable, the absolute level of the odds seems to have a significant effect on the 𝑀𝐴𝐷𝐻 , which is 

indicated by the highly significant value of �̅�𝐻. This result is as expected. Furthermore, there also 

seems to be a highly significant quadratic effect of the absolute level of odds on 𝑀𝐴𝐷𝐻 , as indicated 

                                                 
35 Again, the rate of return for different ranges of disagreement is calculated separately for each match outcome. Thus, 
the expected returns of exploiting disagreement among bookmakers is calculated separately for disagreement in home 
odds, in draw odds and in away odds. 
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by �̅�𝐻
2 , which was also anticipated. Overall, the intercept, as well as the beta values of �̅�𝐻 and �̅�𝐻

2  are 

all significant beyond the 1% significance level. Furthermore, the 𝑅2 of the regression is notably high, 

indicating that the chosen independent variables are able to capture much of the variation of the 

dependant variable. Performing the equivalent regression for the draw odds as well as the away odds 

leads to very similar regression results, which can be found in Appendix I and Appendix J. Hence, as 

expected, the absolute level of the odds has a significant linear as well as quadratic effect on the mean 

absolute deviation for home, draw and away odds. Performing the shown regression removes this 

effect. 

 

Figure 15: Regression Model 2 

 Dependent variable: 

 𝑀𝐴𝐷𝐻 

�̅�𝐻 0.0335*** 

 (0.0004) 

�̅�𝐻
2  0.0061*** 

 (0.000) 

Constant -0.0467*** 

 (0.0001) 

Observations 62,233 

R2 0.884 

Adjusted R2 0.884 

Notes: *p<0.1;**p<0.05;***p<0.01; t-statistics based on HC standard errors are reported; Ordinary least square regression, where results in 

column 1 correspond to the regression shown in Equation 13. 𝑀𝐴𝐷𝐻 = mean absolute deviation of home odds; �̅�𝐻 = average home odds; �̅�𝐻
2  = 

average home odds squared. Sample includes home odds for 62,233 football matches played in 22 different divisions in Europe from the 2010/11 
season until the 2017/18 season. 

 

Therefore, the main variables of interest from this regression are the error terms 휀𝑚𝑖, as they indicate 

the level of disagreement among bookmakers for each match and outcome separately, after removing 

the effect of the level of the odds. Figure 16 plots these error terms exemplary for the home odds, 

after sorting them in descending order. Notably, the value of most error terms centres around zero, 
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with a few large positive and negative outliers on both ends of the spectrum. Naturally, the mean of 

the errors is zero and their median is also very close to zero (0.0001). Across all observations, the 

standard deviation of the value of the errors is around 0.05. The distribution of error terms for draw 

odds and away odds is almost identical. 

 

Figure 16: Distribution of Error Terms for Home Odds 

 

Notes: This table shows the resulting error terms when running the regression shown in Equation 13 for home odds. Error terms are sorted in 
descending order. Sample includes home odds for 62,233 football matches played in 22 different divisions in Europe from the 2010/11 season 

until the 2017/18 season. 

 

Having the matches sorted according to their level of disagreement enables me to draw conclusions 

on the distribution of the rate of return when betting at various levels of disagreement. Figure 17 

displays the expected rate of return of bets on home wins placed at different levels of disagreement, 

together with the respective upper and lower bounds of the 95% confidence interval.36 As the matches 

are sorted in descending order, the x-axis runs from matches with very high level of disagreement on 

the left to matches with very low disagreement on the right. The value on the axis indicates the ranking 

order of the match in the sorted series. For example, a value of 12,200 on the x-axis corresponds to a 

                                                 
36 For reasons of clarity the graph starts at the 200th match, as the rate of return is very volatile for a lower number of 
matches. 
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return of roughly -4.00% on the y-axis. This means that placing a unit bet on each of the 12,200 

matches with the highest levels of disagreement yields an expected rate of return of -4.00%.  

 

Figure 17: Expected Rate of Return at Different Levels of Home Odds Disagreement 

 

Notes: Sample includes home odds for 62,233 football matches played in 22 different divisions in Europe from the 2010/11 season until the 
2017/18 season. Dark grey curve indicates average rates of return, light grey curves represent upper and lower bounds of the 95% confidence 
interval. 

 

A few notable observations stand out in Figure 17. First, the rate of return is strongly positive for the 

home odds with the highest level of disagreement. This positive return persists roughly for the first 

2,500 matches. Second, the expected rate of return subsequently drops rapidly and falls below -6%. 

The lowest returns are recorded roughly for the interval between the 6,000th and the 11,000th match. 

Third, the rate of return increases again for all subsequent matches in the ranking order and steadily 

rises towards a value of around -1.10% at the right end of the graph. Therefore, this is also the rate of 

return that is achieved when betting on a home win at the best available odds in every single match. 

However, it should also be noted that the standard deviation of returns is rather high, so that the 95% 

confidence interval is fairly wide. Therefore, the true returns are rather uncertain over the whole 

sample.   
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Figure 18: Expected Rate of Return for Matches with the highest Level of Disagreement 

 

 

Notes: Sample includes home odds for the 2,500 football matches with the highest level of disagreement. Dark grey curve indicates average rates 
of return, light grey curves represent upper and lower bounds of the 95% confidence interval. 

 

Figure 18 further examines the region of the graph where positive expected returns are documented. 

Therefore, it zooms in on the previous graph and only presents the rate of return for the first 2,500 

matches, which document the highest disagreement level for home odds. As observable, the expected 

rate of return is positive for almost the entire interval displayed. The maximum expected return is 

equal to 13.77% and is achieved when betting on the 815 matches with the highest disagreement. At 

this point the lower bound of the confidence interval also indicates that the true return is positive at 

the 5% significance level. Furthermore, the confidence interval implies that the true return is abnormal 

for all matches between the 600th and the 1,300th match in the ranking, as the return is statistically 

significantly above the expected market return of -1.80%. This range of matches roughly spans from 

the top 1% to the top 2% games in terms of their level of disagreement.37 Within the same interval 

the average expected return is constantly above 5%. These results suggest that betting on all matches 

whose home odds demonstrate a level of disagreement that ranks them among the top 1% to top 2% 

of all matches yields a statistically robust abnormal and positive expected rate of return. To the best 

                                                 
37 Based on the 62,233 matches in my sample, the first 600 matches are roughly equal to the top 1% of matches, whereas 
the first 1,300 matches are roughly equal to the top 2%. 
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of my knowledge, no other study has revealed any similar results concerning the return of bets on 

home odds with the highest level of disagreement. I refer to this bias as the ‘home-disagreement bias’. 

Appendix K and Appendix L display the correspondent expected returns of bets on draws and away 

wins respectively, when matches are sorted in accordance with their level of disagreement. Notably, 

the two graphs exhibit very similar profiles. However, these profiles are very different from the profile 

previously obtained for home odds. Both, Appendix K and Appendix L, indicate that the expected 

return is lowest for the matches with the highest levels of disagreement. As the level of disagreement 

decreases, the expected return of the matches increases. However, neither the return of draw bets nor 

that of bets on the away side turn positive at any point in the two graphs. For draw bets, an expected 

return of around -3.30% is noted when bets are placed at the best available odds in every single match 

(right end of the graph). Similarly, a strategy of betting on an away win in every match results in an 

expected return of roughly -3.40%.  

The return patterns of Appendix K and Appendix L imply that no abnormal returns can be achieved 

by following a strategy that aims at exploiting the disagreement between bookmakers for draw odds 

and away odds. In contrast, Figure 18 indicates that positive and statistically robust abnormal returns 

can be achieved when choosing among home odds with high levels of disagreement. 

 

Figure 19: Expected Rates of Return for Different Categories of Disagreement 

 

 

Figure 19 displays the expected returns when matches are split into five categories of equal size, 

separately for home, draw and away odds and based on their level of disagreement. Overall, no clear 

trend is observable. Interestingly, the category ‘very high’ yields the lowest return for home odds. This 

is somewhat surprising, as this category also contains those matches that record significant positive 

returns. For both, draw and away odds, the returns do not seem to follow any particular trend at all. 

 

 

Disagreement Return Disagreement Return Disagreement Return

Very high -4.09% Very high -5.77% Very high -3.92%

High -0.26% High -1.47% High -4.34%

Average -0.88% Average -3.41% Average -1.87%

Low -0.19% Low -2.26% Low -0.47%

Very low -0.10% Very low -3.78% Very low -6.39%

Home Draw Away
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5.4.3 Robustness of Results 

As shown in the previous subchapter, betting on the top 1% to top 2% of matches, where the home 

odds of different bookmakers exhibit the largest variation, yields abnormal and significant positive 

expected returns. I coin this as the home-disagreement bias. However, this optimal fraction of matches 

to bet on, as well as the associated rates of return, are computed using historical data including all 

eight seasons under consideration. Naturally, this data is only available after these eight seasons have 

been played, so that the calculated optimal fraction is only known ex post. Furthermore, a betting 

strategy aimed at exploiting the home-disagreement should not depend on this exact ranking of 

matches based on their disagreement level, as this ranking is naturally only known when all matches 

have been. 

As a robustness check I therefore calculate out-of-sample rates of return based solely on information 

available at the beginning of each season. This is done by computing the optimal disagreement 

thresholds, given by 휀𝑗𝑚, for every season, using only information available at that point in time. Rates 

of return for subsequent seasons are then calculated based on these in-sample thresholds. Figure 20 

displays the results of this analysis. 

 

Figure 20: Out-of-Sample rates of Return for Home Odds Disagreement 

Notes: This table shows instant rates of return under various scenarios. Column 1 indicates the first in-sample season over which the optimal 
error threshold is computed, column 2 denotes the last season of in-sample seasons, column 3 reports the optimal threshold of the error term 
over the in-sample seasons, column 4 depicts the fraction of matches that exhibit a disagreement level higher than or equal to this threshold, 
column 5 indicates the in-sample average rate of return, column 6 displays average rates of return obtained by using the threshold over the next 
season and column 7 indicates the average return when using the same threshold until the end of the last season. Mean is unweighted arithmetic 
mean. Sample includes 62,233 football matches played in 22 different divisions in Europe from the 2010/11 season until the 2017/18 season. 

 

A few observations are remarkable. First, optimal thresholds of 휀𝑚𝑖 and the fraction of matches 

experiencing a higher or equal disagreement level than this threshold do not vary much across the 

whole sample period. The optimal fraction of matches to bet on lies between 1.07% and 1.49% across 

all in-sample periods, with an unweighted arithmetic mean of 1.36%. This implies that, on average, 

betting on the 1.36% of matches with the highest disagreement level maximizes the rate of return 

2010/11 2010/11 0.095   1.44     54.44   11.18   5.02     

2010/11 2011/12 0.094   1.49     32.90   5.34     4.18     

2010/11 2012/13 0.120   1.07     26.68   25.54   7.55     

2010/11 2013/14 0.120   1.19     26.31   12.07-   2.50     

2010/11 2014/15 0.119   1.46     13.72   19.42   13.90   

2010/11 2015/16 0.119   1.49     14.27   45.28   10.90   

2010/11 2016/17 0.119   1.40     17.04   8.54-     8.54-     

Mean 0.112   1.36     26.48   12.31   5.07     
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when real-time data is used. Second, in-sample returns are considerably positive across all seasons, 

with a notable mean return of 26.48%. Third, next-season out-of-sample returns are also positive for 

five out of seven seasons, with a noteworthy mean return of 12.31%. Fourth, keeping the same 

threshold for all subsequent seasons yields a positive return for six of the seven seasons, where the 

last season under consideration is the only one documenting a negative return. A strategy of keeping 

the same threshold until the last season generates an average return of 5.07%. 

 

5.4.4 Comparison and Relevance of Results 

My analysis reveals that I do not find evidence that the rate of return is generally higher for high levels 

of disagreement across all matches and outcomes. Consistent with this, my results also do not imply 

that the average return is lower when betting at low levels of disagreement. These results contradict 

my hypothesis.  

To the best of my knowledge, the article of Deschamps and Gergaud (2007) represents the only other 

academic work that investigates football betting returns on the basis of the disagreement among 

bookmakers. The authors also compute rates of return when splitting the matches in different 

categories based on their disagreement level, similar to what I present in Figure 19. Deschamps and 

Gergaud provide evidence that for each match outcome (home win, draw, and away win) a weak 

positive relationship between the level of disagreement and rates of return exists. This tendency is 

strongest for home and away odds, where betting at high levels of disagreement yields an almost 10 

percentage points higher rate of return than betting at low disagreement levels. For draw odds, such 

a relationship is much weaker and almost non-existent. However, the authors highlight that no strategy 

in their study yields a positive return. Therefore, they conclude that the level of disagreement can be 

used to increase the rate of return, but this increase is not large enough to generate profitable strategies. 

I do not find such a general positive relationship between the level of disagreement and returns to be 

present in my sample. 

However, my results imply that a relatively small part of the market offers abnormal and highly positive 

returns due to the presence of a home-disagreement bias. This abnormal return is achieved when 

placing bets on those matches where the disagreement between bookmakers for home odds is largest. 

Specifically, the strategy involves betting on home wins in matches with the 1% to 2% highest level 

of variation for these odds. My results suggest that expected returns of up to 13.77% are achievable 

when following a strategy of exploiting this bias. This maximum return is reached when betting on 

the 815 matches with the highest disagreement. Furthermore, the true return of such bets is statistically 

significantly positive at the 5% level. The rate of return is also robust to out-of-sample tests and the 

usage of real-time data.  
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Interestingly, the average home odds for the 815 matches with the highest disagreement level is equal 

to 8.35. Additionally, the home team is the favourite to win the match in only three of these matches. 

These observations strongly imply that the observed positive returns of the home-disagreement bias 

in this part of the market are not driven by the previously detected favourite-longshot bias. In contrast, 

according to the favourite-longshot bias, the return of bets placed on underdogs with average odds as 

high as 8.35 should be significantly negative and much lower than in the rest of the market. Therefore, 

it seems to be the case that the observed home-disagreement bias is strong enough to countervail the 

generally present favourite-longshot bias and even permits abnormal and positive returns beyond that. 

Therefore, my results suggest that, at least for home odds, the expected return is significantly enhanced 

when considering only those matches with the highest level of disagreement. A possible explanation 

for this observation is given by dissimilar odds setting processes of different bookmakers. Varying 

customer groups and differences in the book building procedure might be another source for varying 

odds across bookmakers. Lastly, false estimations and misjudgements made by bookmakers in the 

odds setting process might lead to the observed bias.  

As far as I am concerned, no other study has focussed on such a granular part of the market as yet. 

One reason might be that my dataset is much larger in size than the one used in most other studies. 

For example, Deschamps and Gergaud (2007) utilize a dataset containing a little over 8,000 football 

matches, whereas I employ data on more than 62,000 matches. Deschamps and Gergaud only analyse 

the return of five equally sized categories, constructed according to their level of disagreement. 

However, their dataset is not sufficiently large to address return differentials within these categories. 

I also expect this difference in size of the underlying dataset to be one reason for the fact that I do 

not discover a general relationship between disagreement levels and returns, whereas Deschamps and 

Gergaud do. A further cause may be the fact that the authors only analyse football matches played in 

England, whereas my data covers various divisions across Europe. It may be the case that 

disagreements among bookmakers are of different magnitudes across various divisions and countries. 

However, testing this assumption lies outside the scope of this paper. In addition, average bookmaker 

margins are much smaller in my dataset, compared to the one used by Deschamps and Gergaud. 

Falling margins may affect the level of disagreement among bookmakers.38 However, this assumption 

is also not examined further in this paper. 

In conclusion, I do not find a general relationship between the level of disagreement between 

bookmakers and the expected rate of return across the whole market. This observation does not 

coincide with results reported by Deschamps and Gergaud (2007) and it also contradicts my stated 

hypothesis. However, I find strong evidence that a small part of the market suffers from a home-

                                                 
38 Such an effect would be similar to the impact of the bookmaker margin on the number of arbitrage opportunities, as 
investigated in the previous chapter. 
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disagreement bias, which refers to the observation that betting on home wins in matches where odds 

vary greatly across different bookmakers delivers significant abnormal and positive returns. These 

positive returns are also robust to out-of-sample tests using real-time data only. Furthermore, these 

abnormal returns to not seem to be the consequence of a favourite-longshot bias, as average home 

odds for the respective matches are notably high and home teams are the underdogs in the majority 

of these matches. 

My results imply that the part of the market with the highest disagreement among bookmakers is not 

weakly efficient, as highly profitable betting strategies exist for a prolonged time period. However, it 

should be noted that detecting the home-disagreement bias requires a somewhat more sophisticated 

approach, so that the average casual bettor is unlikely to observe it. 
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6. Conclusion 

This paper investigates the degree of weak form information efficiency in the sports betting market. 

This is done by testing for any evidence of deviations from market efficiency in a sample of European 

football matches. Thus, I analyse whether abnormal betting returns can be achieved by the sole use 

of past information on prices and returns. Abnormal returns are thereby defined as returns different 

from the margin of bookmakers, which is equal to -1.80%. My results provide evidence of large 

deviations from weak form efficiency, as they imply the existence of several biases in the market. 

 

 

6.1 Summary of Results 

First, I find evidence of a strong favourite-longshot bias in my data, as betting at low odds delivers a 

significantly higher return than betting at higher odds. Thus, my analysis implies that it is possible to 

earn expected abnormal returns when placing bets on favourites. This finding relates directly to my 

Sub-question I. Additionally, the bias is large enough to yield positive expected returns when betting 

on overwhelming favourites. My results suggest that systematically betting on matches with odds of 

1.34 or lower delivers an expected return of 0.75% with mean odds and 3.02% when best odds are 

used.39 When using best odds, the true return is also statistically significantly positive at the 5% level.40 

Furthermore, the bias seems to be present across all seasons under investigation and the results are 

robust to out-of-sample tests and to the use of real-time data. 

Second, my analysis detects the existence of arbitrage opportunities in 7.30% of all matches, so that 

betting on the same match with different bookmakers guarantees a risk-free profit. This result refers 

to Sub-question II. On average, arbitrage profits amount to an instant rate of return of 0.87%.41 

Additionally, my results imply that lower average bookmaker margins are associated with a higher 

likelihood of the appearance of arbitrage opportunities, and vice versa. 

Third, I find evidence of a strong bias for matches where the home odds of different bookmakers on 

the same match experience a large variation. This observation relates directly to Sub-question III and 

I refer to this bias as the ‘home-disagreement bias’. My results suggest that exploiting the bias by 

                                                 
39 The return of 0.75% is achieved when assuming that the bettor places his bets at the average market odds. In contrast, 
when assuming that the bettor searches for the best available odds for each outcome and places his bets accordingly, a 
return of 3.02% is achieved. 
40 With mean odds, the true return is still abnormal at the 5% level, as the expected return is significantly larger than the 
average market return of -1.80%. 
41 However, it should be noted that it is questionable whether such arbitrages indeed produce risk-free profits, as a 
number of operational and technical risks exist when exploiting such arbitrage opportunities in reality. 
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systematically betting on the home team in matches with the highest level of disagreement delivers an 

abnormal and highly positive expected return of up to 13.77%. Additionally, the true return is 

significantly abnormal and positive at the 5% level when betting on all matches ranked among those 

with the 2% highest level of home odds disagreement. These results are also robust to out-of-sample 

tests and to the use of real-time data. Additionally, my analysis implies that the positive returns of the 

observed home-disagreement bias are not driven by the previously detected favourite-longshot bias.42 

Therefore, my findings suggest that the observed home-disagreement bias is strong enough to 

countervail the generally present favourite-longshot bias. 

However, I do not find evidence that the variation of draw and away odds can be used to produce 

significant abnormal returns. Hence, the bias seems to be exclusively existent when measuring the 

level of disagreement for home odds. 

 

Overall, my results imply that the sole use of information on historical odds and yields allows for 

abnormal expected betting returns, so that my analysis reveals evidence of a number of deviations 

from market efficiency. Strategies aimed at exploiting these biases produce significant and robust 

abnormal returns. Additionally, the biases detected in my investigation are large enough to allow for 

positive expected returns. The persistent existence of profitable betting rules that are not exploited 

away casts serious doubt on the assumption of rationally behaving bettors. However, quoting such 

biased odds may still be in the best interest of a profit maximizing bookmaker, at least as long as each 

individual bookmaker manages the risk of his own book.43  

The prolonged presence of the biases may imply that large investors or serious bettors do not 

participate to a great enough extent in the market, so that profitable opportunities are not arbitraged 

away. This, in turn, may be explained by the fact that discovering such opportunities requires 

appropriate data collection and time-intensive statistical analysis, whereas potential profits are limited 

and not scalable.44 Therefore, it may be the case that large bettors, who possess the recourses to 

discover exploitable biases, are discouraged from engaging in the market by insufficient profits. On 

the other hand, small and casual bettors may suffer from cognitive biases or may not be driven by 

                                                 
42 The average home odds for the matches with the highest disagreement level is equal to 8.35, indicating that the home 
team is the underdog in almost all these matches. Thus, according to the favourite-longshot bias, betting on these 
matches should result in highly negative returns. 
43 This is best illustrated when considering arbitrage opportunities: As at least two different bookmakers are needed to 
exploit an arbitrage, each individual bookmaker may still increase his own profit through increased turnover by quoting 
odds that can be used as part of an arbitrage. This is true because the bookmaker´s profit depends on its own book, 
whereas the arbitrage profit to the bettor depends on the synthesized book of all bookmakers involved in the bet. 
44 Bookmakers are expected to shift the odds in response to large bets, which reduces or erases the profit opportunity. 
Additionally, most bookmakers set limits on the maximum amount wagered on a single match, which further limits 
potential profits. 
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purely financial motives when placing their bets, so that deviations from market efficiency are left 

unexploited.45  

My analysis provides evidence that the betting market, where pay-offs only depend on the outcome 

of sport events and returns are driven by idiosyncratic risk only, experiences several deviations from 

weak form information efficiency. Financial markets share many fundamental features of betting 

markets but exhibit systematic risk and are more complicated with regards to pay-off determination 

due to being infinitely lived. Therefore, the results of my study imply that financial markets in general 

are also likely to experience some form of inefficiency. 

 

 

6.2 Limitations  

A key feature of my analysis is that I use data on sports betting in order to study the degree of 

information efficiency of financial markets in general. However, it should also be noted that this 

approach involves an obvious limitation. My inferences are only applicable to financial markets to the 

extent that bettors in betting markets and investors in financial markets share similar characteristics 

and behave comparably. The set of market participants is expected to be quite different in both 

markets, and monetary stakes in financial markets are much larger than in sports betting. Therefore, 

it may be that a higher number of professional investors, in conjunction with higher potential profits 

from exploiting existing biases, reduce persistent inefficiencies in financial markets. This concern is 

alleviated by the work of Golec and Tamarkin (1995), as they report evidence that bettors and stock 

market traders exhibit similar cognitive biases in their decision making process. Nevertheless, as 

expected returns in sports betting are usually negative, it may be that bettors differ substantially from 

participants in other financial markets with respect to risk preferences. 

 

 

6.3 Future Research 

Future research could focus on the degree of market efficiency when odds from betting exchanges 

are included in the analysis. Due to their structure, where every market participant can either act as a 

backer or as a layer of bets, the functioning of betting exchanges is even more similar to financial 

markets than that of traditional online betting markets. In this setup, the betting exchange only charges 

                                                 
45 As described in Chapter 2, casual bettors may be driven by utility maximizing motives, where high utility may come 
from betting on longshots or on one´s favourite team. 
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a commission fee for its service as a broker to match both parties of a bet. It would therefore be of 

interest to investigate whether the odds formed on a betting exchange vary significantly from those 

quoted by traditional bookmakers, for example due to different price setting mechanisms. In turn, 

such price differences may be the source of inter-market arbitrage opportunities and other deviations 

from market efficiency.  

Furthermore, future research could concentrate on investigating similarities and differences in the 

behaviour of bettors and participants in other financial markets. Results on this matter would allow 

conclusions to be drawn on whether the degree of efficiency of betting markets is likely to be related 

to the efficiency of financial markets in general. 
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8. Appendix 

 

Appendix A: Average Implied Probabilities, by Division 

Notes: Avg impl = average implied probability; H = home win; D = draw; A = away win; B1 = First Division A; D1 = Bundesliga; D2 = 2. Bundesliga; 
E0 = Premier League; E1 = Football League Championship; E2 = Football League One; E3 = Football League Two; EC = National League; F1 = Ligue 
1; F2 = Ligue 2; G1 = Super League; I1 = Serie A; I2 = Serie B; N1 = Eredivisie; P1 = Primeira Liga; SC0 = Scottish Premiership; SC1 = Scottish 
Championship; SC2 = Scottish League One; SC3 = Scottish League Two; SP1 = La Liga; SP2 = Segunda Division; T1 = Süper Lig. 

 

 

 

Appendix B: Frequency of Match Outcomes, by Division 

Notes: Nb M = number of matches; Avg H win = average fraction of home wins; Avg D win = average fraction of draws; Avg A win = average 
fraction of away wins; B1 = First Division A; D1 = Bundesliga; D2 = 2. Bundesliga; E0 = Premier League; E1 = Football League Championship; E2 = 
Football League One; E3 = Football League Two; EC = National League; F1 = Ligue 1; F2 = Ligue 2; G1 = Super League; I1 = Serie A; I2 = Serie B; N1 
= Eredivisie; P1 = Primeira Liga; SC0 = Scottish Premiership; SC1 = Scottish Championship; SC2 = Scottish League One; SC3 = Scottish League Two; 
SP1 = La Liga; SP2 = Segunda Division; T1 = Süper Lig. 

 

 

 

 

 

 

Division

B1 D1 D2 E0 E1 E2 E3 EC F1 F2 G1 I1

Nb M 1,920             2,448             2,448             3,040             4,416             4,416             4,416             4,378             3,040             3,040             2,011             3,039             

Avg impl H 48.67% 47.03% 46.71% 47.05% 45.78% 45.13% 44.65% 46.72% 47.16% 46.98% 49.36% 47.44%

Avg impl D 27.38% 26.55% 29.19% 26.60% 29.21% 29.18% 29.42% 28.66% 29.13% 31.90% 28.60% 27.76%

Avg impl A 31.46% 32.08% 31.21% 31.43% 31.09% 32.32% 32.58% 32.92% 29.73% 28.77% 29.61% 30.59%

I2 N1 P1 SC0 SC1 SC2 SC3 SP1 SP2 T1 Total

Nb M 3,680             2,448             2,182             1,824             1,440             1,440             1,440             3,040             3,682             2,445             62,233           

Avg impl H 46.57% 49.83% 46.43% 45.01% 45.71% 46.38% 46.26% 48.94% 47.99% 47.31% 46.85%

Avg impl D 32.25% 25.38% 27.86% 27.36% 27.20% 27.00% 27.20% 25.92% 30.73% 28.31% 28.61%

Avg impl A 28.87% 32.22% 32.98% 34.42% 35.22% 34.87% 34.85% 30.74% 29.07% 31.98% 31.48%

Division

B1 D1 D2 E0 E1 E2 E3 EC F1 F2 G1 I1

Nb M 1,920             2,448             2,448             3,040             4,416             4,416             4,416             4,378             3,040             3,040             2,011             3,039             

Avg H win 46.61% 45.92% 43.42% 45.53% 43.27% 42.75% 41.44% 43.03% 45.20% 43.98% 49.23% 45.57%

Avg D win 25.42% 24.26% 28.51% 25.43% 27.31% 26.70% 27.08% 25.88% 27.63% 30.92% 25.91% 25.37%

Avg A win 27.97% 29.82% 28.06% 29.05% 29.42% 30.55% 31.48% 31.09% 27.17% 25.10% 24.86% 29.06%

I2 N1 P1 SC0 SC1 SC2 SC3 SP1 SP2 T1 Total

Nb M 3,680             2,448             2,182             1,824             1,440             1,440             1,440             3,040             3,682             2,445             62,233           

Avg H win 43.18% 46.90% 45.37% 41.50% 41.81% 44.38% 43.68% 48.26% 46.69% 46.26% 44.57%

Avg D win 32.15% 24.06% 24.84% 24.07% 25.35% 20.83% 22.64% 23.06% 28.41% 25.19% 26.43%

Avg A win 24.67% 29.04% 29.79% 34.43% 32.85% 34.79% 33.68% 28.68% 24.90% 28.55% 29.01%
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Appendix C: Contingency Table of Score Outcomes 

 

 

 

 

Appendix D: Expected Rate of Return at Different Odds, using Best Odds 

Notes: Sample includes odds of 62,233 football matches played in 22 different divisions in Europe from the 2010/11 season until the 2017/18 
season. Dark grey curve indicates average rates of return, light grey curves represent upper and lower bounds of the 95% confidence interval. 

 

0 1 2 3 4 5 6 7 8 9

0 4,874 4,759 2,858 1,251 500 154 48 10 5 1

1 6,452 7,655 4,111 1,653 549 179 36 7 1 0

2 4,800 5,452 3,225 1,182 357 104 31 3 1 0

3 2,609 2,656 1,566 626 164 48 14 2 0 0

4 1,088 1,017 545 209 59 21 2 0 0 0

5 356 351 144 53 22 6 0 0 0 0

6 124 116 52 11 5 0 1 0 0 0

7 40 26 9 4 1 0 0 0 0 0

8 9 6 4 0 0 0 0 0 0 0

9 2 2 1 0 0 0 0 0 0 0

10 2 0 2 0 0 0 0 0 0 0
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Appendix E: Expected Rate of Return at Odds below 1.60, using Best Odds 

Notes: Sample includes odds below 1.60 for 62,233 football matches played in 22 different divisions in Europe from the 2010/11 season until the 
2017/18 season. Dark grey curve indicates average rates of return, light grey curves represent upper and lower bounds of the 95% confidence 
interval. 
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Appendix F: Rates of Return at Different Odds Thresholds 

Note: This table indicates various statistics for betting rules consisting in backing all bets whose odds are less or equal to a threshold. Sample 
includes odds of 62,233 football matches played in 22 different divisions in Europe from the 2010/11 season until the 2017/18 season.  
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Appendix G: Out-of-Sample Rates of Return, using Best Odds 

Notes: This table shows instant rates of return under various scenarios. Column 1 indicates the first in-sample season over which the optimal 
threshold is computed, column 2 denotes 𝑡, the last in-sample season, column 3 reports the optimal threshold over the in-sample seasons, column 
4 indicates the in-sample average instant rate of return, column 5 displays average instant rates of return obtained by using the threshold over 
the next season and column 6 indicates the return when the same threshold is used until the end of the last season. Mean is unweighted 
arithmetic mean. Sample includes 62,233 football matches played in 22 different divisions in Europe from the 2010/11 season until the 2017/18 
season. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

2010/11 2010/11 1.39     2.69     1.04     2.38     

2010/11 2011/12 1.41     1.81     1.96     2.69     

2010/11 2012/13 1.34     2.33     5.56     3.38     

2010/11 2013/14 1.34     3.20     6.19     2.86     

2010/11 2014/15 1.34     3.80     3.22     1.91     

2010/11 2015/16 1.34     3.70     1.76     1.35     

2010/11 2016/17 1.34     3.39     1.01     1.01     

Mean 1.36     2.99     2.96     2.23     

Out-of-sample 

return over 

[t+1:2017/18](%)

First in-sample 

season

Last in-sample 

season t

In-sample optimal 

threshold over 

[2010/11:t]

In-sample return 

over [2010/11:t] 

(%)

Out-of-sample 

return over [t+1] 

(%)
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Appendix H: Regression Model 1 

 

 Dependent variable: 

 𝜕𝑎𝑟𝑏𝑚  

 (1) (2) 

𝐾𝑚  -3.829*** -4.825*** 

 (0.076) (0.151) 

𝑁𝑚  0.012*** 

  (0.001) 

E0  0.013 

  (0.009) 

E1  -0.045*** 

  (0.007) 
   

E2  -0.025*** 

  (0.007) 

E3  -0.019*** 

  (0.007) 

EC  0.035*** 

  (0.007) 

SC1  0.052*** 

  (0.009) 

SC2  0.062*** 

  (0.009) 

SC3  0.062*** 

  (0.009) 

D1  0.075*** 

  (0.010) 

D2  0.044*** 

  (0.008) 

SP1  0.017* 

  (0.009) 
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SP2  -0.006 

  (0.006) 

I1  0.025*** 

  (0.009) 

I2  -0.006 

  (0.006) 

F1  0.018** 

  (0.008) 

F2  0.029*** 

  (0.007) 

N1  0.006 

  (0.007) 

B1  0.004 

  (0.007) 

P1  0.003 

  (0.007) 
   

T1  0.028*** 

  (0.008) 
   

G1  0.014* 

  (0.008) 

   

Constant 0.339*** 0.296*** 

 (0.006) (0.008) 

 

Observations 62,233 62,233 

R2 0.044 0.058 

Adjusted R2 0.044 0.058 

 

Notes: *p<0.1;**p<0.05;***p<0.01; t-statistics based on HC standard errors are reported; Ordinary least square regression, where results in 
column 1 correspond to the regression shown in Equation 10 and column 2 belongs to Equation 11. 𝜕𝑎𝑟𝑏= 1 if an arbitrage opportunity exists and 

0 otherwise; �̅� = average margin across all bookmakers for the respective match; n = number of different bookmakers quoting the respective 
match; B1 = First Division A; D1 = Bundesliga; D2 = 2. Bundesliga; E0 = Premier League; E1 = Football League Championship; E2 = Football League 
One; E3 = Football League Two; EC = National League; F1 = Ligue 1; F2 = Ligue 2; G1 = Super League; I1 = Serie A; I2 = Serie B; N1 = Eredivisie; P1 
= Primeira Liga; SC0 = Scottish Premiership; SC1 = Scottish Championship; SC2 = Scottish League One; SC3 = Scottish League Two; SP1 = La Liga; 
SP2 = Segunda Division; T1 = Süper Lig. Sample includes odds for 62,233 football matches played in 22 different divisions in Europe from the 
2010/11 season until the 2017/18 season. 
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Appendix I: Regression Model 3 

 
Dependent 

variable: 

 𝑀𝐴𝐷𝐷 

�̅�𝐷 0.0272*** 

 (0.0008) 

�̅�𝐷
2  0.0089*** 

 (0.000) 

Constant -0.0954*** 

 (0.0021) 

Observations 62,233 

R2 0.835 

Adjusted R2 0.835 

Notes: *p<0.1;**p<0.05;***p<0.01; t-statistics based on HC standard errors are reported; Ordinary least square regression, where results in 

column 1 correspond to the regression shown in Equation 13. 𝑀𝐴𝐷𝐷 = mean absolute deviation of draw odds; �̅�𝐷 = average draw odds; �̅�𝐷
2  = 

average draw odds squared. Sample includes draw odds for 62,233 football matches played in 22 different divisions in Europe from the 2010/11 
season until the 2017/18 season. 
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Appendix J: Regression Model 4 

 Dependent variable: 

 𝑀𝐴𝐷𝐴 

�̅�𝐴 0.0713*** 

 (0.0005) 

�̅�𝐴
2 0.0034*** 

 (0.000) 

Constant -0.1373*** 

 (0.0015) 

Observations 62,233 

R2 0.886 

Adjusted R2 0.886 

Notes: *p<0.1;**p<0.05;***p<0.01; t-statistics based on HC standard errors are reported; Ordinary least square regression, where results in 

column 1 correspond to the regression shown in Equation 13. 𝑀𝐴𝐷𝐴 = mean absolute deviation of away odds; �̅�𝐴 = average away odds; �̅�𝐴
2 = 

average away odds squared. Sample includes away odds for 62,233 football matches played in 22 different divisions in Europe from the 2010/11 
season until the 2017/18 season. 
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Appendix K: Expected Rate of Return at Different Levels of Draw Odds Disagreement 

Notes: Sample includes draw odds for 62,233 football matches played in 22 different divisions in Europe from the 2010/11 season until the 
2017/18 season. Dark grey curve indicates average rates of return, light grey curves represent upper and lower bounds of the 95% confidence 
interval. 
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Appendix L: Expected Rate of Return at Different Levels of Away Odds Disagreement 

Notes: Sample includes away odds for 62,233 football matches played in 22 different divisions in Europe from the 2010/11 season until the 
2017/18 season. Dark grey curve indicates average rates of return, light grey curves represent upper and lower bounds of the 95% confidence 
interval. 

 

 

 

 

 

 

 

 

 

 

 

 


