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have taken home eight times their money on a corner over-bet, 

but it wasn’t anyone from Stockholm’s Department of  Zoology. 

The closest guess in their group came from two people who 

chose 17. It was an unusually high number of corners. 

 What my corner experiment shows is that taking the aver-

age guess of the members of an uninformed group can yield 

estimates that are reasonable and refl ect reality. But crowds 

are not able to see into the future. Using uninformed guesses 

to predict the exact number of corners in a match, or even if 

there will be more or fewer than average, just isn’t possible. 

The Wisdom of Crowds is remarkable, but it is not magical.  

  Premier Predictions 

 Before the 2014/15 season, journalist and ex-footballer Joe 

Prince-Wright wrote down his prediction of the fi nal posi-

tions of the 20 teams in the Premier League. He then posted 

it on the NBC website for all to see.  9   This was a brave move, 

because it’s almost impossible to correctly predict all the posi-

tions. But it is a true test of footballing knowledge. It’s easy to 

be smart after the fact, but predicting the future can in time 

reveal whether or not a journalist knows his or her stuff . 

 Prince-Wright’s top six were: (1) Chelsea, (2) Man City, 

(3) Arsenal, (4) Man United, (5) Spurs and (6) Liverpool. And 

these were exactly the top positions at the end of the season. 

There are thousands of football pundits writing for diff erent 

newspapers around the world. Simon Gleave has collected and 

blogged about predictions for the last few seasons. In 2014/15 

he found only 17 journalists who were brave enough to go 

public with a prediction for the fi nal Premier League table.  10   

Of these 17, Prince-Wright was the only one to successfully 

predict the top six. The most common errors were to place 

 Liverpool above Spurs or to overrate Arsenal. 

 Further down the league table, however, Prince-Wright’s 

predictions started to wobble. He thought Everton and 

 Newcastle would fi nish in the top ten, but they both ended 

up in the bottom half. He had Leicester down for relegation, 
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and it looked as though he would be right until they pulled 

off  a miraculous late-season comeback to fi nish 14th. And he 

underrated Swansea and Southampton, who both had good 

seasons and fi nished in the top half. 

 To measure Prince-Wright’s ability as a footballing 

prophet, I took his predicted positions and calculated the dif-

ference between his predictions and the actual outcome – see 

Table 11.1. There is no diff erence for any of the top six clubs, 

but there are diff erences (either positive or negative) further 

down the table. The average diff erence between prediction 

and outcome is 2.3, so Prince-Wright was typically out by just 

over two positions.  11   This prediction is reasonable, especially 

when we remember that even on the last day of the season 

teams can often move up or down a couple of places.      

 Table 11.1     Comparison of Joe Prince-Wright’s predictions with 

the outcome of the 2014/15 season. 

Position Team Prince-Wright’s 

prediction

Diff erence

1 Chelsea 1 0

2 Manchester City 2 0

3 Arsenal 3 0

4 Manchester United 4 0

5 Tottenham Hotspur 5 0

6 Liverpool 6 0

7 Southampton 10 3

8 Swansea City 13 5

9 Stoke City 8 -1

10 Crystal Palace 12 2

11 Everton 7 -4

12 West Ham United 14 2

13 West Bromwich Albion 18 5

14 Leicester City 19 5

15 Newcastle United 9 -6

16 Sunderland 16 0

17 Aston Villa 15 -2

18 Hull City 11 -7

19 Burnley 20 1

20 Queens Park Rangers 17 -3
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 So can Prince-Wright actually predict the Premier League? 

To answer this question we need to go all the way back to 

Chapter 1 and my alternative-reality simulations. There I 

used the goals scored home and away by each team in the 

2012/13 season to predict the outcome of the 2013/14 season. 

In some of the simulations, my model accurately predicted the 

top of the table, while in others it produced slightly diff er-

ent  positions. What was clear from these simulations was that 

the scoring rate in one season is a very good predictor of the 

 season to come. 

 In fact, as a simple rule of thumb, the position in which a team 

fi nishes the season before is a very good indicator of its posi-

tion in the coming season. Table 11.2 compares the 2013/14 

and 2014/15 seasons.  12   Prince-Wright’s prediction of the top 

six was certainly better than the prediction based on the results 

in 2013/14. But further down the table, the previous-season 

predictions start to look better than his. Stoke, West Ham and 

Southampton all fi nished in more or less the same position in 

the two seasons. Burnley and QPR went straight back down, in 

the same order as they’d come up the season before. Overall, the 

previous-season prediction was marginally better than Prince-

Wright’s, with an average diff erence between the seasons of 

only 2.2. If Prince-Wright or anyone else had simply presented 

the previous season’s fi nal league table as their prediction for the 

season ahead, then it would have been pretty good.      

 Of the 17 pundits identifi ed by Simon Gleave who had 

 predicted a fi nal Premier League table for 2014/15, only one 

did better than a prediction based solely on 2013/14. Mark 

Langdon of the  Racing Post  got Liverpool and Spurs the wrong 

way round for fi fth and sixth, but had the top four spot on. He 

also did better than Prince-Wright for clubs fi nishing lower 

down the table, correctly predicting success for Stoke, Swansea 

and  Southampton. The average diff erence between his pre-

diction and the outcome was only 1.8. But while Langdon 

was the best-performing pundit, and Prince-Wright was sec-

ond best, all the others were quite a long way off .  Figure 11.4  

compares their  predictions with the positions of the teams from 

the season before. Langdon was the only expert above the solid 
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line, and the other experts made around three positional errors 

on average.    

 Using the previous season as a benchmark for comparing 

pundits’ predictions isn’t completely fair, because the fi nal 

table for 2014/15 happened to be very similar to the one for 

2013/14. It is rare for there to be only small changes in posi-

tion from one season to the next. For example, there are much 

larger diff erences between the fi nal tables for 2012/13 and 

2013/14. In 2013/14 Manchester United fi nished six places 

 Table 11.2     Comparison of positions during the 2013/14 season with 

the outcome of the 2014/15 season. When calculating the diff erence 

for teams that were promoted the season before, the  positions were as-

signed in the order in which they came up. Leicester City, who won 

the Championship, were assigned position 18, Burnley position 19 and 

Queens Park Rangers position 20. 

 2014/15  

 position 

Team  2013/14  

 position 

Diff erence

1 Chelsea 3 2

2 Manchester City 1 -1

3 Arsenal 4 1

4 Manchester United 7 3

5 Tottenham Hotspur 6 1

6 Liverpool 2 -4

7 Southampton 8 1

8 Swansea City 12 4

9 Stoke City 9 0

10 Crystal Palace 11 1

11 Everton 5 -6

12 West Ham United 13 1

13 West Bromwich Albion 17 4

14 Leicester City 18 4

15 Newcastle United 10 -5

16 Sunderland 14 -2

17 Aston Villa 15 -2

18 Hull City 16 -2

19 Burnley 19 0

20 Queens Park Rangers 20 0
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lower than the previous season, and Liverpool fi ve places 

higher. That season also saw West Bromwich Albion, Fulham 

and Norwich drop seven to eight places, from mid-table safety 

into a relegation battle. 

 The dashed horizontal line in  Figure 11.4  marks the average 

change in position, of 2.92 places, of Premier League clubs over 

the fi ve seasons to 2014/15. It shows us how good we would 

expect predictions to be if the experts used guesswork based on 

the previous season. Only fi ve of the 17 experts sit above the 

dashed line, and 12 of them are below it, so there is no evidence 

that the experts really know what’s going to happen. 

 Things get worse if we look at how the experts did in pre-

dicting the 2013/14 season, as shown in  Figure 11.5 . Now, 

13 out of 14 experts fi nd themselves below the dotted line. 

None of them predicted the change of fortunes for Norwich, 

Fulham and West Brom, and few of them thought it would 

go as badly for Manchester United as it did. Most experts are 

simply unable to predict the outcome of a season.    

 I don’t have Langdon’s predictions for the 2013/14 season, 

but Prince-Wright made the best predictions of those surveyed. 

On this basis, it may appear that he really can predict the future. 

However, before the start of the 2015/16 season, Prince-Wright 

made a new set of predictions. He predicted a second title in 

 Figure 11.4      Comparison of expert predictions of the 2014/15 

 season (black dots), the positions of the teams from the season before 

(solid line) and a benchmark based on the average change in position 

over fi ve seasons (dashed line).  
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a row for Chelsea, with Manchester United coming a close 

 second. Liverpool and Spurs would fail to qualify for the Cham-

pions League, and Leicester, Norwich and Watford would be 

relegated. Halfway through the season, when I completed this 

book, Chelsea were in serious trouble and Leicester were league 

leaders. So it looks as though Prince-Wright’s powers have fi nally 

failed him. This book was published in May 2016, so you can 

now check his predictions yourself. But I think I can safely con-

clude that there is still no expert who can reliably, over a number 

of seasons, predict the outcome of the Premier League.  

  Barcelona 4,539, Kilmarnock 1,093 

 Simon Gleave, who collected these media expert predic-

tions, told me that ‘a great deal of prediction is about being 

lucky rather than skilful’. Even with the possible exception 

of Joe Prince-Wright, it is diffi  cult to argue with this conclu-

sion. Simon is head of analysis at Infostrada Sports, a company 

specialising in sports data and intelligence. In one project,  13   

Infostrada have co-developed the Euro Club Index, a tool for 

ranking team performance. The aim of this index is to give a 

statistical measure of team performance based on encounters 

between the teams. 

 Figure 11.5   Comparison of expert predictions of the 2013/14 

 season (black dots), the positions of the teams from the season before 

(solid line) and a benchmark based on the average change in position 

over fi ve seasons (dashed line).   
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 Each club in the top division of each European league is 

assigned a number of points. At the start of the 2015/16 season, 

Barcelona had 4,539 points, Real Madrid 4,342, Bayern 3,953 

and Juventus 3,712. The highest-ranked English club were 

Chelsea, in seventh place with 3,635 points, while newly pro-

moted Bournemouth were in 165th place with 2,052 points. 

Scotland’s highest-ranked team were Celtic, with 2,480 points 

and in 75th place. Kilmarnock, who had narrowly avoided 

relegation from the Scottish Premier League, were in 481st 

position with just 1,093 points. 

 When one team beats another, the winner takes points from 

the loser’s index and adds them to its own. So when Juven-

tus beat Real Madrid in the Champions League semi-fi nal in 

May 2015, Juventus gained 28 points and Real Madrid lost 28. 

When Juventus went on to lose to Barcelona in the fi nal, they 

transferred 18 points to Barcelona. Victory over a higher-ranked 

team gives more points than beating a lower-ranked team. So 

Juventus took more points from Real than they later lost to 

 Barcelona. If the mighty Killie were to beat Barça in a competi-

tive match, they would take hundreds of points from them, but 

if Barcelona won then Kilmarnock would only lose 1 or 2. 

 Like the Premier League Performance Index we looked at 

in Chapter 4 for players, I wouldn’t call the Euro Club Index 

for teams an ‘objective’ measure. The exact rules for points 

are set up in advance by humans, and the index gives a statisti-

cal ranking that is purely results-based. Nevertheless, for the 

2014/15 Premier League, the Euro Club Index performed just 

as well as the best human predictor. The average diff erence 

between the Euro Club Index prediction and the outcome 

was 1.8, exactly the same as Mark Langdon’s. 

 Simon Gleave also collects data from other model predic-

tions. Out of 28 predictions he collected for 2014/15, Euro 

Club Index was one of three that performed best. However, 

the fact that the overall positions in 2014/15 didn’t change 

much from the season before was an advantage for ranking 

methods based on past performance. For the less predictable 

season of 2013/14, the Euro Club Index was the worst of all 
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the models Simon looked at. The only human expert to be 

beaten by the index was former Liverpool goalkeeper David 

James, who was out by 11 places when he predicted that Ever-

ton would fi nish 16th. 

 So you can consult crowds, models or experts, but there is 

still no reliable evidence that any of these can make long-term 

predictions that beat last season’s benchmark.  

  Cup Final Rumour Day 

 Sometimes people are just a bit wrong, but at other times 

they can be very wrong indeed. Human history is fi lled with 

examples of us temporarily believing things that later turn 

out to be total nonsense. Lemmings engage in mass suicide, 

the Great Wall of China is the only human-made object vis-

ible from the Moon, Napoléon Bonaparte was short, Barack 

Obama is a Muslim – these are just some of the false rumours 

or ideas that many people still believe and tell one another 

today. Rumours about football transfers and celebrity preg-

nancies are even more common. As I showed in Chapter 10, 

these rumours spread rapidly as people share them with one 

another. Often little consideration is given as to whether they 

are true or not. 

 If we start passing on rumours without checking them our-

selves, then the Wisdom of Crowds breaks down. When I did 

my sweets-in-the-jar and number-of-corners experiments, I 

was very careful not to let my subjects confer. All the guesses 

were independent and based on the participants’ best judge-

ment. I didn’t want to let any of them who may have thought 

they knew best infl uence the others. 

 When Andrew King and his colleagues did their sweets-in-

the-jar experiment at the Royal Veterinary College, they also 

looked at what happened when people knew what others had 

guessed. In a variation of the original counting experiment, 

they told later visitors the average of all previous guesses. These 

visitors had access to more information than in the original 
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experiment: not only could they see the jar themselves, but 

they also knew what others had guessed. 

 But knowing more doesn’t always help us to make  better 

judgements. By chance, the fi rst visitors tended to over estimate 

the number of sweets, mainly guessing over 1,300, when in 

fact there were 751. The next visitors looked at these large 

guesses and at the jar. They thought the guesses must be too 

large, so they guessed slightly lower. As more guesses were 

made, the average guess decreased slightly, but remained over 

1,000. The visitors didn’t fully trust their own judgement and 

overestimated the number of sweets. 

 A failure to trust our own judgement and go with the crowd 

is behind much of our decision-making. When we are unsure, 

we tend to follow the suggestions of others. Think of the fol-

lowing situation. It’s FA Cup fi nal day, Newcastle United 

versus Aston Villa, and there’s a queue of friends at the book-

maker waiting to place bets. They have to decide whether to 

bet on Newcastle or Villa to win the Cup. The fi rst punter has 

no information to go on, and is forced to decide for herself. 

We’ll assume that Newcastle are the stronger team, and that 

she has a 70% chance of getting it right and backing them, 

but a 30% chance of choosing Villa.  14   The next punter, also 

with nothing to go on, faces the same choice, so again has a 

70% chance of choosing Newcastle. But it occurs to the third 

punter that he can either decide for himself or save himself a 

lot of eff ort by asking the fi rst two what they think. Assum-

ing that they are honest, and that they agree with each other, 

there is only a 15.5% chance that both of the two who have 

already placed bets will get it wrong.  15   So for the third punter 

it’s safer to go with his friends’ judgement than to trust his 

own. If they disagree, then he should ignore them and make 

up his mind for himself. The logic that applies to the third 

punter also applies to all of those behind him in the queue. If 

they choose two others who have already made up their mind, 

ask their opinion and bet accordingly, then they have a better 

chance of getting it right than if they try to assess the evidence 

for themselves. 
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 So that’s what they do, and  Figure 11.6  shows three diff er-

ent simulated outcomes of this model. In the fi rst simulation, 

the fi rst two punters chose Newcastle, so when the third punter 

came along he concluded, from asking the others, that New-

castle were the more likely to win. The fourth, fi fth and all the 

other punters all came to the same conclusion. In the second 

simulation, the fi rst two punters by chance chose Villa. This 

 Figure 11.6   Simulation of the model where individuals use the de-

cisions of others to make up their own mind which team they think 

will win the cup. Three simulations are run for the same  parameter 

values. In the fi rst, both the fi rst two punters choose Newcastle 

(a – occurs in 49.0% of simulations). In the second simulation both 

the fi rst two punters choose Aston Villa (b – occurs in 9% of simu-

lations). In the third simulation one punter chooses Villa, the other 

Newcastle (c – occurs in 35.5% of simulations).   
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happens in only 9% of the simulation runs, but the consequences 

are striking. Because the fi rst two went for Villa, the third punter 

chose them too, and everyone else followed suit. Everyone was 

saying Villa, so there was no reason to believe anything else. In 

the third simulation, the fi rst punter went for Newcastle and the 

second for Villa. The third had to make his mind up for him-

self, and went for Newcastle. From then on, when the punters 

further along in the queue asked those who had come before 

them for advice, sometimes they followed the two that fancied 

Newcastle, sometimes they went with the two who said Villa, 

and sometimes they made up their own mind when their two 

friends didn’t agree. It wasn’t until after quite a few punters had 

placed their bets that a consensus for Newcastle emerged.    

 Given what they have heard about the match, all of the 

punters in the model behave rationally. They realise that they 

can improve their chance of getting it right by following the 

advice of others. More often than not, their strategy works. 

In most cases the crowd goes for Newcastle, who are the bet-

ter team on this occasion. But sometimes the crowd gets it 

wrong: if, by random chance, the fi rst two individuals plump 

for Villa, everyone else just follows their advice. Even in simu-

lations where the fi rst two punters couldn’t agree, most of the 

time Newcastle become favourites, but sometimes Villa take 

off . Who emerges as the favourite depends very strongly on 

what happens at the start. 

 The model reveals a paradox. On the one hand, we are 

 collectively wise, and copying others provides us with infor-

mation on which to base our decisions. But on the other hand, 

when we copy we lose that wisdom. We all want to know 

what everyone else thinks in order to get a better picture. But 

once we have found out the opinions of others, our independ-

ent judgement disappears. 

 At the start of this chapter, it seemed that individual 

punters were up against an impossibly wise crowd. Book-

makers just averaged opinions, and the odds refl ected the 

collective wisdom. But as we have looked more closely at 

other models and experiments, we have seen subtleties in 
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the Wisdom of Crowds concept. Jens and Stefan Krause’s 

experiment shows that the crowd isn’t good at skilled tasks 

 involving  mathematical reasoning. Simon Gleave’s collec-

tion of Premier League predictions shows that even so-called 

experts probably don’t really know much more than  anyone 

else. And, paradoxically, we see that when individuals in 

the crowd start to talk to one another, the crowd loses its 

 collective judgement. 

 Together, these observations suggest that there’s an 

 opportunity for someone who would like to try their hand at 

beating the bookies. It may just be possible for a mathemati-

cally competent individual who isn’t easily swayed by other 

people’s opinions to make a profi t on football betting. I’m not 

entirely sure it can be done, but it would certainly be fun to 

fi nd out.  




