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The Kick-off

Mathematics can’t compete with football. Football captures the hopes and dreams of nations. It brings us together in admiration of ability and commitment. It has superstars and tactics, entertainment and excitement. Football covers the back pages of newspapers and fills our Twitter feed. Tens of thousands of fans cram into grounds, and billions of people watch the World Cup on TV. Compare this with mathematics. Obscure academic journals lie unread in empty libraries. Seminars are attended by two gently snoring professors and a small group of bored PhD students. Football and mathematics? There is no competition.

If mathematics could compete with football, then we would be ready to pay £40 a month for a subscription to Sky Mathematics. Instead of spending Wednesday evening in front of the Champions League, we would load up Khan Academy and brush up on linear inequalities. If mathematics could compete with football, we would spend our November afternoons sitting on freezing plastic seats watching Marcus du Sautoy blackboard out that cocky Manc physicist from the TV. Arsenal one, Oldham Athletic nil. Instead of saying, ‘It’s a game of two halves’, we’d say, ‘It’s a single division of the unit interval into sets of equal measure’. Instead of ‘He gave 110%’, the commentator would say … well, he’d say, ‘He gave 100%.’

It is not as if mathematics wasn’t given its chance. We all sat in school learning our times tables and tapping numbers into calculators. All those hours spent trying to remember whether 7 times 8 is 56 or 54, or whether the pi are squared or circled. Given all that time, and all that training, you would think that people would have noticed if mathematics was as exciting as football. But it seems that most people can’t be so easily fooled. There may well be quite a few people who enjoy maths, but there are many, many more who totally love football.

I am one of those people who enjoy maths almost as much as I enjoy football. I am a mathematics professor, and I spend my day creating and understanding mathematical models. But even I wouldn’t go as far as to claim that maths can compete with football. It can’t. The numbers are against it.

Sometimes, when I look up at football and then back down at my maths books, I start to wonder what exactly I am doing with my life. Here I am, a professor of applied mathematics. I work on a wide range of different and interesting problems, with researchers from around the world. I have the opportunity to travel widely, to present my work at conferences in exotic locations, and to visit world-leading universities. All of this should be like playing for England. But it isn’t, and I know it isn’t. Being a mathematician is respectable, but it is nothing like succeeding in football.

The great footballers not only master technique and skill, they also achieve incredible levels of physical fitness. Footballers certainly aren’t thick. On the contrary, the first thing football scouts look for in youngsters is ‘intelligence’, the ability to see quickly what is going on around them and to plan for all eventualities – something we academics might call spatial reasoning. Nor are footballers lazy. They are highly motivated, focused, driven individuals who decide from an early age that they want to succeed. Footballers are worshipped because they really have achieved greatness. The rest of us can only dream.

I’m the type of person who can’t stop myself from dreaming. Despite now being 42 years old, and with two left feet and only a moderate interest in working out, I can’t stop myself from believing that I can contribute to football. After all, planning and reasoning were also on that list of prerequisites for footballing success, weren’t they? These are things I am good at. Maybe maths has something to offer football? And just maybe, football has something to offer maths?

There are good reasons to believe that my hard-earned modelling skills may prove useful after all. Numbers play an increasingly important role in football. Player and team rankings, assists and goals, possession and passing rate, tackle and interception frequency are just a few of the stats that feature in match reports. Detailed ‘chalkboards’ of corner angles, passing timelines and positional heat maps are displayed on managers’ computer screens in post-match briefings. But these numbers are just a starting point. Mathematics is about putting statistics together in a way that allows us to see what is going on. Once we have numbers, mathematics gives us understanding.

There is a whole range of footballing questions that can be answered using mathematics. What is the probability of two last-minute goals in a Champions League final? Whatever Manchester United fans may say, this is a question about the nature of pure randomness. Why is Barcelona’s tiki-taka passing so effective? This is a question of geometry and dynamics. Why do we give three points for a win in league games? This is a question of game theory and incentives. Who is best, Messi or Ronaldo? This is a question of large statistical deviations. What do heat maps and passing statistics actually tell us about a game? This is a question for big data and networked systems. How can bookies offer such attractive-looking spread bets? This is a question of combining probability and psychology. And why are these odds so hard to beat? This is a question of collective intelligence and averaging.

I will answer all these questions and more in this book, but my ambition stretches further. Soccermatics isn’t simply about providing you with a few maths-related football facts that you can tell your friends down the pub; it’s about changing the way you look at both maths and football. I believe that the two have a lot to offer each other and, while maths can’t compete with football, both subjects can learn from each other. Maths can be used to understand football, and football helps to explain mathematics.

Football and maths start from the same point. Football starts with the ‘laws of the game’, the rules set out by the International Football Association Board. What football managers have to do is solve the problem of getting their team to win within the constraints imposed by these rules. Mathematics has its own set of rules, which the mathematician has to apply to get the right answer to the question posed. By following these rules, and with a little bit of inspiration, both the footballer and the mathematician seek to reach their goal. Management and mathematics both start with theory.

But the rules of the game aren’t everything. It’s one thing for the manager to explain the importance of the players holding their positions, but if a central defender picks up the ball in their own half, charges with confidence towards the opponents’ goal and bangs it into the top-left corner, then not even Louis van Gaal will complain. Most of us are happy to accept that what happens in practice can be very different from what the theory says should happen. If everyone stuck to the theory, then football matches – and life in general – would be very boring indeed.

Exactly the same point holds for mathematics. Of course, when mathematical theories are proved, then they always remain true. Pythagoras’s rule gives us a relationship between the lengths of the sides of a right-angled triangle, and this relationship always holds. But the real world isn’t made of perfect triangles, and when mathematics meets the real world anything can happen. Sometimes our mathematical model of the real world is correct, but at other times we get it wrong. Sometimes, like football managers, we set up a beautiful theoretical idea, only to see our observations charge off in a completely different direction. Putting mathematics into practice is just as important as knowing the precise details of the theory.

It is the combination of theory and practice that makes football the sport we love. You can dribble like Messi or bend it like Beckham, but if your team lacks structure you will never get the chance to show off your skills. You can sing your national anthem with pride and feeling, but 30 minutes later find yourself trailing 5–0 to a well-organised Germany. And you can know every formation in the book, but without all those hours of practice in the school playground and on the training pitch, you won’t have mastered the touch you need to succeed. Football is more than tactics, it is more than mastery of the ball – and it is more than the feeling of winning.

While every football pundit knows that theory and tactics are just a small part of football, the same point is less widely acknowledged about mathematics. We hear about characters like Andrew Wiles, who locked himself in his office in Princeton, only to emerge seven years later with a proof of Fermat’s Last Theorem. Films depict mathematicians as child prodigies, dusty professors covered in chalk or difficult geniuses without any friends. We are told that mathematics is an elaborate, ever-evolving game of chess that you have to study for years to learn the rules. It is almost the complete opposite of the fanatical world of football. Far too often, mathematics is admired for its purity and mathematicians for their dedication, but not for their impulsiveness or their imagination.

As beautiful as pure mathematics may be, that is not the type of mathematics that excites me. I have always aimed to put maths to use in unusual places. I have used networks to map out urban sprawl, railway networks and segregated neighbourhoods. I see equations in following the gazes of city commuters, the way students applaud after hearing a presentation and how heavy-metal fans jump around in mosh-pits. I have created models of fish swimming among coral in the Great Barrier Reef, democratic change in the Middle East, the traffic of Cuban leaf-cutter ants, swarms of locusts travelling across the Sahara, disease spreading in Ugandan villages, political decision-making by European politicians, dancing honeybees from Sydney, American stock-market investors, and the tubular structures built by Japanese slime mould. For me there is no limit to mathematical modelling. Everything can and should be modelled.

I realised early in my career that I was different from many of my mathematical colleagues, who specialised in specific equations and single areas of application. I wanted to get stuck into the data, and work together with biologists and sociologists. I love the abstract beauty of equations, but formulae are meaningless until they say something about reality. So, while much of my day is spent sitting in front of a computer or sketching ideas on a blackboard, at times I can be found building a racetrack for locusts, talking to government ministries about tackling social problems, traipsing through the forest counting ants, or handing out tablets to school classes so I can study how they play interactive math-games. I don’t let logic alone tell me what problems to study – I indulge my emotions, my feelings and my sense of humour. I play mathematics just like I play football, only much, much better.

There has always been a unifying rationale behind all my seemingly random projects. I see very different parts of the world as being related to one another, and I use mathematics to create links between them. I use a mathematics that isn’t scared to get dirty, to change tactics at half-time or to involve players from all backgrounds and all over the world in a gigantic kickabout. It is a mathematics that aims to entertain as well as to impress, and where we celebrate the team just as much as the individual. It is this approach that is Soccermatics.

In this book, I use Soccermatics to attack a whole load of very different problems. Football is always the starting point, but I don’t stop there. Each chapter is a story about how football and maths can work together to create powerful analogies. I show that managers use the same tactics to fight over points as birds use to fight over a worm, and cancer cells use to fight over our bodies. I decompose the network structure of Champions League teams, I show how the spread of football chants can explain everything from polite audience applause and transfer rumours to disease in the poorest parts of Africa. I show that, while the Mexican wave may be fun for fans, it is life and death for fish. These stories link together the physical, biological, social and footballing worlds.

Beneath these individual stories lies a deeper message. The Soccermatics philosophy is about a more accessible and creative style of mathematics. It is about a mathematics that crosses boundaries, one that creates links and analogies. It is about a mathematics that can be applied to anything. I use footballing analogies to explain other parts of the world, and I use other parts of the world to explain football. These analogies become possible because mathematical models provide a powerful way of seeing connections. When you work as a mathematical modeller, you see relationships that other people have missed.

Just like football, anyone can play at modelling. If you are the sort of person who sees things more clearly through footballing analogies, through sporting analogies, weather analogies, analogies in film and music, analogies to nature or any other type of analogy, then you are already one step closer to becoming a mathematical modeller. If you can make good analogies, then you can make good mathematical models. Being a modeller is first of all about using your imagination, and then homing in on the problem. It is a creative activity, but one that is subject to rules and procedures. I want to show you how to think in this way, and hopefully help you understand more about your own life and the world around you. Mathematics is a way of seeing problems and finding solutions.

By thinking Soccermatically, you will see players, teams, managers and fans in a new light. You’ll see why Bastian Schweinsteiger is a whirlwind, why Bayern Munich defenders are lionesses and why the Barcelona team of 2015 is a jet fighter. You’ll learn how to motivate a team by making them work like ants, and how to discourage slackers by changing incentives. You’ll see why betting is like trying to build a communication cable into the future, understand why punters who know almost nothing about the game can make smart predictions together, and realise why you should never trust the experts. You may even find out how to make a few quid at the bookies.

This book explains the important models through words, computer simulations and pictures. Instead of filling pages with obscure symbols, I’ll do meaningful calculations that reveal the inner workings of a football team. You won’t need to dig out your graphical calculator, because I’ll use my laptop to process vast quantities of match data. And while we will still need our trusty blackboard, it will be used to sketch diagrams and create intuitive pictures. I do not assume an in-depth knowledge of maths, but for those who want to learn more I have included details in the endnotes. I’ll show that making mathematical models is about seeing patterns and making analogies. By the end of the book, you’ll be able to find mathematics everywhere.

Neither do I assume that you have an in-depth knowledge of football. And I’m also going to be honest with you from the start. While I guarantee that this book will give you a unique perspective on football, I know my limitations: I’m not, of course, a world-famous manager, just a reasonably successful academic. Before I started researching this book I was like many other British men. I watch football, I read about it, I play it with friends and I spend my spare time training a (very talented) team of 10-year olds. Those friends who have seen me play will laugh out loud when they find out that I’ve written a book on the subject.

Instead of pretending to be an expert, I give a different perspective. Mathematicians and economists have dabbled in football writing before. They have argued that if teams could just change the way they take corners or throw-ins, then they would score more goals. They give the world’s leading players advice about how to take a penalty kick. They provide confident statistical arguments for why England will win the next World Cup – or why they will never win it again. Some of these mathematically inspired suggestions make sense, but others don’t. I’ll look at how we can evaluate these claims and create our own modelling arguments.

The same is true when we see football presented on TV. Studios are now equipped with advanced technology for showing and analysing highlights and tactics. The question for us viewers is, what useful information do these displays provide? An animation of player positions may look good with Jamie Carragher standing in front of it, but it is Jamie Carragher who understands football, not the programmer who generated the graphics. When we see new ways of displaying data, we should be careful not to confuse presentation with substance. For this, we need to understand the maths that lies behind the big fancy screens.

This overload of data and statistics is not unique to football. Mathematics is now used to tackle problems throughout science and society. House prices, project scheduling, Facebook friend networks, viral marketing, artificial intelligence, online poker, economic growth, genetic engineering, computational biology, crowd and disaster planning, and most of the rest of modern life are all impacted by mathematics. So even if you are not particularly interested in watching 22 people kick a ball around a pitch, you can’t stay outside the mathematical world. You need to understand how applied mathematics works and how we mathematicians think.

Football offers a way to understand the connection between maths and the modern world. Soccermatics is about how analogy is used to understand science, society and football. So forget those boring rules for sines and cosines – I’ll show you how mathematical modelling is about thinking freely and broadly. We’ll start on the pitch, then move into the dugout, and finally we’ll find ourselves out in the crowd and trying to outwit the online bookies. We’re about to set off on a mathematical adventure through the beautiful game.





Part I On the Pitch






Chapter One I Never Predict Anything and I Never Will

The England midfielder Paul Gascoigne once said ‘I never predict anything and I never will.’ For me, this statement contains just as much genius as his Euro ’96 goal against Scotland. In eight words it shows just why predictions are unavoidable: after four words he was wrong about the past and the present, and after the next four he was wrong about the future too. But even though he was so wrong, Gazza still told us something profound. He summed up a very deep fact about life: there are patterns to be found in everything.

There are patterns in how long it takes us to get to work in the morning rush hour. There are patterns in our networks of friends and how often we meet up with them. There are patterns in what we eat for dinner each night and what we buy in the supermarket. And there are, of course, patterns in football. The challenge lies in finding these patterns and understanding them. Once we’ve seen the patterns, we can start to make predictions.


Random Subbuteo

I can trace my own fascination with patterns back to a large orange hardback full of football statistics I was given for Christmas when I was eight. I would sit for hours looking at pages full of numbers. I loved the tables that had the names of the teams along the top and down the left, and the entries that were the scores of the matches between them in a season. I’d scan down the table, adding up all the goals scored and looking for matches with strange results. 4–3 was a favourite, and 5–2 also sounded good.

I don’t get quite as much time to read football almanacs nowadays, but luckily it takes just a few seconds to find all the results and tables on the internet. If you do this, you can get a feeling for the unpredictability that Gascoigne was talking about. The 2012/13 Premier League season is a good one – there were some pretty exciting matches and unexpected outcomes. Liverpool won 5–0 twice and 6–0 another time, but still failed to qualify for Europe. The season ended with the retirement of Alex Ferguson, the king of unexpected last-minute changes in fortune. His last match as Manchester United manager was no exception: a 5–5 draw in which West Bromwich Albion scored three goals in the last ten minutes. ‘Football, bloody hell!’, as Fergie once put it.

These results are the exciting exceptions, the season’s most memorable matches. There were also a fair number of boring 0–0 draws, forgotten by the fans, perhaps, but not by the season’s statistics. But if we want to understand the underlying pattern, we need to include these in our analysis, too. Figure 1.1 is a histogram of the number of goals scored in all Premier League games in the 2012/13 season. The average number of goals scored was a bit less than three per match, 2.79 to be exact.

[image: A bar chart displaying number of matches on the y-axis and number of goals on the x-axis from zero to ten with highest bar at three goals indicating ninety matches.]
Figure 1.1  Histogram of number of goals scored during the English Premier League season 2012/13.
The histogram shows how often various scorelines occurred. In all there were 35 0–0 draws, which is the first bar on the histogram. Ferguson’s last match was one of two that season which ended with 10 goals being scored, as can be seen over on the right. In the middle, the most common goal tally was three, and in the majority of those games the final score was 2–1. A pattern is already starting to appear. The next step is to see if we can understand where this pattern comes from, and for this we need a mathematical model.

I’ve been interested in mathematical modelling for almost as long as I’ve been interested in statistics. My other big hobby around the time I was reading big orange football almanacs was playing Subbuteo table football.1 With my friend David Paterson, I set up a Subbuteo league. We played every day after school, fitting in five or six matches before dinner, and making a note of each score. But we never had time to complete all the 380 fixtures that make up a league tournament (20 teams each playing 19 home games makes 20 × 19 = 380 matches). There just weren’t enough hours in the day.

Constrained by parents who seemed to think we had to do things like eat and sleep, Patzi and I had to find a different way to complete the league. The answer was dice. Patzi would throw one dice for one team and I would throw for the other. We’d then take away one from the result on each dice to get the result. So if Arsenal played Manchester City, he rolled a red dice and I rolled a blue one. If the red dice showed 5 and the blue one showed 3, then Arsenal won 4–2. This model can generate games with from 0 to 10 goals, just as in the Premier League histogram.

After a lot of dice-throwing, and some small adjustments to the advantage of our favourite clubs, we’d fill in their scores based on the numbers that came up. We’d compile leagues and statistics and write it all out neatly on lined paper. I think I was always destined to become a mathematician (and the other David is now a successful accountant).

Dice throwing is a very simple example of a mathematical model, but there are a few problems with it. Chelsea beat Aston Villa 8–0 just before Christmas 2012, which simply couldn’t occur in our dice-rolling model. Another problem is that 0–0 draws happen a lot in real football. For the dice, a 0–0 result is just as likely as 5–5, but in the histogram 0 goals is almost 20 times more likely than 10 goals. The model doesn’t work. Football games aren’t random, like a dice throw.

But football games are random, in another way. What makes football and other team sports exciting is their unpredictability. If you are watching a match and look away for a few seconds, you can miss an important build-up and a sudden goal. As a modeller, this tells me something important. A goal is just as likely to occur at any time





[image: A chart showing the number of matches on the y-axis and number of goals on the x-axis, with bars and a line graph, peaking at 2 goals with eighty matches.]
Figure 1.2  The histogram of goals during the Premier League season 2012/13 (histogram boxes) compared to the Poisson distribution (solid line).

[image: A histogram with a bell curve overlay showing the distribution of the number of matches according to goals scored, ranging from 0 to 13. The x-axis is labelled Number of goals," and the y-axis is labelled Number of matches,  ranging from 0 to 150,peaking at 4 to 5 goals.]
Figure 1.3  Histogram of number of goals scored during the NHL ice hockey in season 2012/13 (boxes) compared to the Poisson distribution (solid line).
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Table 1.1  The top four clubs after the first simulation of the 2013/14 season, based on the scoring rates of clubs during 2012/13.
[image: A table displaying football team statistics with columns for P, W, D, L, F, A, and Pts, including teams Manchester City, Liverpool, Chelsea, and Manchester United, with varying numbers.]


Table 1.2  The top four clubs after the second simulation of the 2013/14 season, based on their scoring rates in 2012/13.
[image: A table displaying football team standings, listing Liverpool, Chelsea, Manchester United, and Manchester City with columns for P, W, D, L, F, A and Pts, showing various numbers for each team.]









The Real Story







OEBPS/xhtml/nav.xhtml




Table of Contents





		Cover



		Title Page



		A Note on the Author



		Contents



		The Kick-off



		Part I. On the Pitch



		Chapter 1: I Never Predict Anything and I Never Will



		Random Subbuteo



		Kicked by the Horse



		Explained by Randomness



		The Real Story







		Chapter 2: How Slime Moulds Built Barcelona



		The Demise of One–Two–Seven



		Train-track Triangles



		Tiki-taka Tessellation



		Flexi-zones



		Rules of Motion







		Chapter 3: Check My Flow



		Why the Piggy Always Wins



		The Right Social Convention



		The Unbeatable Back



		Picturing Pirlo







		Chapter 4: Statistical Brilliance



		The Guessing Game



		Once in Every Lifetime



		New Extremes?



		The 10,000-year Storm



		Bolt from the Blue



		Game-changers



		Objective Rankings



		FC Analytics







		Chapter 5: Zlatan Ibrah Rocket Science



		Newton Explains



		Sent it into Space



		Luck, Structure and Magic











		Part II. In the Dugout



		Chapter 6: Three Points for the Bird-brained Manager



		Expanding Point Pies



		Breaking up the Pecking Order



		Given Half a Chance



		Intuitive Design



		It’s football – enjoy!







		Chapter 7: The Tactical Map



		Route-one England



		The United States of Abbymerica



		Special Relationships



		Fifty Shades of Bayern Munich



		The Barcelona Jet Fighter



		The Real Ronaldo



		The Juventus Hull



		A Final Word







		Chapter 8: Total Cyber Dynamo



		Evolving Lazy Workers



		Tribal Hunting



		Super-linear Dynamo



		Rallying the Ants



		Star Commitment



		Collective Individualism







		Chapter 9: The World in Motion



		Data Overflow



		Line-up



		The Subtle Leader



		Pressing Power



		Putting It Together











		Part III. From the Crowd



		Chapter 10: You’ll Never Walk Alone



		1, 2, 4, 8, 16, …



		Clapping Contagions



		Luis Suárez to Arsenal



		Stand Up, Sit Down and Turn Around



		The Mosh



		People Don’t Panic







		Chapter 11: Bet Against the Masses



		The Wise Crowd



		Beating the Crowd



		Not So Smart



		Around the Corner



		Premier Predictions



		Barcelona 4,539, Kilmarnock 1,093



		Cup Final Rumour Day







		Chapter 12: Putting My Money Where My Mouth Is



		Odd Probabilities



		When Should I Place a Bet?



		How Good Do I Have To Be?



		The Challenge



		Strategy 1: Strong Favourites, Well-Matched Draws



		Strategy 2: Results Index



		Strategy 3: Performance Indicators



		Strategy 4: The Expert



		Strategy 5: Ask My Wife



		Putting It All Together







		Chapter 13: The Results Are In



		Lucky Luke and Calamity Jane



		Betting Channels



		Week 1: Bore Draws



		Week 2: Indexical Decline



		Week 3: Unexpected Goals



		Weeks 4 and 5: Satisfied with a Draw



		Career Advice











		Part IV. The Analysts



		Chapter 14: Finding the Talent



		Chapter 15: Football’s Intelligent Future



		The Full-Time Whistle









		Notes



		Acknowledgements



		Index



		Sigma Series



		eCopyright













Guide





		Cover



		Title Page



		Contents



		Start of Content



		Notes



		Acknowledgements



		Index



		eCopyright















List of Figure





		Figure 1.1: Histogram of number of goals scored during the English Premier League season 2012/13.



		Figure 1.2: The histogram of goals during the Premier League season 2012/13 (histogram boxes) compared to the Poisson distribution (solid line).



		Figure 1.3: Histogram of number of goals scored during the NHL ice hockey in season 2012/13 (boxes) compared to the Poisson distribution (solid line).



		Figure 2.1: Four formation networks from footballing history. In the Hungary 1953 formation, Hidegkuti is the central player directly behind the front four. For Barcelona 2010/11, Lionel Messi played as the centremost of the three forwards, Iniesta and Xavi were the left and right of midfield respectively, and Busquets played in the centre just in front of the back four.



		Figure 2.2: Three potential solutions for linking up four suburbs (circles) with the least possible train track (solid lines).



		Figure 2.3: Comparison of the network built by a slime mould to connect oat flakes (circles) laid out in the positions of Tokyo suburbs (left) and the real rail network (right). Reproduced with permission from The American Association for the Advancement of Science.



		Figure 2.4: The Barcelona 2010/11 network and zones. The formation network (solid lines) together with the zones (dotted lines) for each player (left); typical position for each player during the season (right).



		Figure 2.5: Barcelona’s positions outside the Panathinaikos penalty area five seconds before Messi’s goal. Barcelona attacking bottom to top. Barcelona players’ positions are marked with grey circles, Panathinaikos players’ positions are open circles. Arrows indicate that the two defenders are running towards Messi. The passing triangles are given by the direct links between the players (top panel); the player zones are given by the dotted lines (bottom panel).



		Figure 2.6: Barcelona’s positions outside the Panathinaikos penalty area three seconds before Messi’s goal. See Figure 2.5 for explanation of the symbols.



		Figure 3.1: Piggy-in-the-middle. The two attacking players on the edges of the square attempt to pass the ball to each other. The defending player in the middle tries to intercept the pass.



		Figure 3.2: How the defender in piggy-in-the-middle should move dependent on her current position. The arrows show, for each position in the square, the direction of movement of the defender.



		Figure 3.3: Training exercise with 10-year-olds, showing Frank’s position (top panel) and the passes made by Henry, Elias and Edvin (arrows in bottom panel). Darker shading indicates more recent events in time.



		Figure 3.4: The effect a stationary student (positioned on the right of the figure) has on a student walking toward them in a corridor. Each arrow is the average reaction of the moving student to the presence of the stationary student. An upward-pointing arrow indicates a tendency to pass the stationary student on the left, while a downward-pointing arrow indicates a tendency to pass on the right. Adapted from original figure by Mehdi Moussaïd.3



		Figure 3.5: My attempts to get past the defenders using Selina Pan’s zone-minimising algorithm. My attacking player (solid circle) attempts to move past the defenders (open circles). The lines show the trails of how we moved during the game and the circles are the endpoints.



		Figure 3.6: Passes leading up to Italy’s first goal against Germany in Euro 2012, showing passes made by Italy (arrows in top panel) and Mesut Özil’s movement while chasing the ball (bottom panel). Darker shading indicates more recent events in time. Letters indicate events: (A) Pirlo’s first pass; (B) Pirlo’s second pass; (C) Chiellini receives the ball; (D) Balotelli scores.



		Figure 3.7: Pirlo’s passing during Italy’s semi-final against Germany in Euro 2012. The intensity of the shading at each particular position on the pitch indicates how often Pirlo made a pass from this position.The arrows are a statistical fit to all 66 passes he made during the match. The average direction of passes is indicated by the direction of the arrow. The average length of the arrow is proportional to the average length of a pass.



		Figure 3.8: Schweinsteiger’s passing during Germany’s semi-final against Italy in Euro 2012. See Figure 3.7 for details of how this plot was created.



		Figure 4.1: Histogram of number of goals scored by the winners of the Pichichi Trophy (for most goals scored in La Liga, Spain) between the 1986/87 and 2009/10 seasons.



		Figure 4.2: Histogram of number of goals scored by the winners of the Pichichi Trophy between 1986/87 and 2013/14 (boxes) compared to the extreme-value distribution (solid line).



		Figure 4.3: Histogram of number of goals scored by the winner of the Swedish Damallsvenskan Skyttedrottning, the player scoring the most goals during the season (boxes), compared to the extreme-value distribution (solid line), between 1982 and 2014.



		Figure 4.4: World record times for men’s 100m up to 2009. Crosses are world record times. The dotted line is the fitted trend line. Ben Johnson’s time (circle) of 9.79 seconds at the Seoul Olympics was later disqualified.



		Figure 4.5: World record times for the men’s 100m from 1982 to 2015. Crosses are world record times. The dots are the fitted trend line.



		Figure 4.6: Average number of goals scored per game by the winners of the Pichichi Trophy.



		Figure 5.1: The trajectory of Zlatan Ibrahimovic´’s bicycle lob, according to Newtonian physics.



		Figure 5.2: How the trajectory of Zlatan’s bicycle lob shot is determined by launch angle.



		Figure 5.3: How initial speed and launch angle determine whether or not the ball goes in the goal. The grey area indicates angle and speed combinations under which Zlatan scores. Combinations to the right of the grey area send the ball over the bar, while combinations to the left cause the ball to bounce before reaching the goal.



		Figure 5.4: Aerodynamics of Zlatan Ibrahimovic´’s bicycle lob, including drag.



		Figure 6.1: Number of draws in the English First Division before and after the change to three points. The vertical dotted line indicates the year (1980) when the change from two to three points was implemented.



		Figure 6.2: Change in number of teams adopting the four different rules in computer simulation of Attack/Defend model league.



		Figure 7.1: Passing networks for Italy (top) and England (bottom) in the Euro 2012 quarter-finals, showing links between pairs of players that completed 13 or more passes between them.Thicker lines indicate a higher number of passes. Both teams are attacking left to right.



		Figure 7.2: Passing network for Spain playing against Croatia in Euro 2012, showing links between pairs of players that completed 11 or more passes between them.Thicker lines indicate a higher number of passes.



		Figure 7.3: Passing network for the US National team playing against Australia in the Women’s World Cup 2015, showing links between players that completed five or more passes between them. Thicker lines indicate a higher number of passes. Original data analysis by Devin Pleuler.



		Figure 7.4: Passing network for the US National team playing against China in the Women’s World Cup 2015. For details see Figure 7.3. Original data analysis by Devin Pleuler.



		Figure 7.5: Network of romantic and/or sexual relationships between students at a US midwest high school. Each student is a point, and a link between the students indicates a relationship. Data from the National Longitudinal Study of Adolescent Health (Add Health), a project designed by J. Richard Udry and Peter Bearman.



		Figure 7.6: Distribution of Bayern Munich’s passes during Champions League season 2014/2015. The pitch is divided into 25 different areas. The lines emanating from the centre of each area indicate the direction of passes in that particular area. Length of the line is proportional to the average distance of a pass in that direction. The darker the shading of the line, the more often a pass was made. Bayern Munich attacking left to right. Data provided by Opta.



		Figure 7.7: Distribution of Juventus’s passes during Champions League season 2014/2015. For details see Figure 7.6. Data provided by Opta.



		Figure 7.8: Comparing Bayern Munich (a) and Juventus (b) passing distribution in the opposition half. See Figures 7.6 and 7.7 for details. Data provided by Opta.



		Figure 7.9: Zonal-passing network for Barcelona playing against Bayern Munich in the first leg of their Champions League semi-final in 2015. The player at the origin of each arrow passed seven or more times to the player at the tip of the arrow. The origin of the arrow is the average position from which the first player made a pass, and the tip is the average position where the second player received the pass. The thickness of the arrows is proportional to the number of passes made. The shapes associated with the players contain all the arrows in and out to that player. Data provided by Opta.



		Figure 7.10: Zonal-passing network for Bayern Munich playing against Barcelona in the first leg of their Champions League semi-final. Data provided by Opta.



		Figure 7.11: Shots made by Cristiano Ronaldo, Karim Benzema and Gareth Bale during the Champions League season 2014/15. The dots represent the positions the players took a shot from, and the rings the positions from which they scored. Data provided by Opta.



		Figure 7.12: Real Madrid danger-zones during the Champions League season 2014/15.The shading is proportionally darker in areas where the ball was located during the 15 seconds leading up to a shot from the 20m by 20m area in front of the opposition goal. Data provided by Opta.



		Figure 7.13: Passing network for Juventus playing against Real Madrid in the first semi-final match between the clubs in 2014/15. Thicker lines indicate a higher number of passes between pairs of players. Data provided by Opta.



		Figure 7.14: Defensive actions of Stephan Lichtsteiner against Real Madrid. Circles show all the positions that Lichtsteiner intercepted the ball. The light shaded area contains all of these points. The solid line is the convex hull of the points ‘nearest’ to the average position of all Lichtsteiner’s defensive actions. Data provided by Opta.



		Figure 7.15: Defensive convex hulls of five Juventus players against Real Madrid. See Figure 7.14 for details of how these hulls were constructed. Data provided by Opta.



		Figure 7.16: Defensive convex hulls of five Real Madrid players against Juventus. Data provided by Opta.



		Figure 8.1: Three team performance curves: sub-linear (left), linear (middle) and super-linear (right).



		Figure 8.2: Team performance curve for ants. The two solid lines shows how the number of ants finding food increases with the total number of ants. The lower line is the case when only small numbers of ants find food. The upper line is the case when there are enough ants to make a trail. When lots of ants find food initially they reach the upper line (indicated by upward pointing arrow); when few find it they drop to the lower line (downward pointing arrows).



		Figure 8.3: Team performance curve in football. The team starts at point A. As effort increases it moves to point B, at which point performance jumps to point C. Effort can now decrease again, but performance remains relatively high at point D.



		Figure 9.1: Positions and directions of players during a training match between FC Nürnberg reserves. Circles are the positions of the opposing light and dark teams, while the arrows show the direction and speed the players are moving.The longer the arrow, the faster the player is moving. The ball is the small black circle.



		Figure 9.2: Team formations studied over a season. Symbols indicate the average position of players during one half of every match during a season. Figure adapted from the original by Alina Bialkowski and co-workers.



		Figure 9.3: Positions and directions of players during the FC Nürnberg reserves training match. Snapshot taken just over one second after Figure 9.1.



		Figure 9.4: Measuring the alignment of the players in both teams by adding up their direction arrows.



		Figure 9.5: Position and direction of 44 simulated people running around a field with teleporting edges. Simulation results after one second (left), 20 seconds (middle) and two minutes (right). The grey circles indicates your position and which other people you follow.



		Figure 9.6: Lags between direction changes in two players in seconds. The grey circles and arrows show the direction of two players at 10 time points within a single second. The black arrows mark the lags between times at which the players are facing in the same direction.The top player turns 0.3 seconds after the bottom player.



		Figure 9.7: Situations where a passing opportunity between two players is blocked (left) and where an additional player opens up a new passing opportunity (right). The black circle at the tip of the triangles is the player with the ball. The dark grey triangles indicate the range of potential passes to the team-mate (also represented by a black circle). The light grey triangles indicate the range of passes that would be blocked by an opposition player (represented as a light grey circle). Adapted from an original drawing by Paul Power at Prozone.



		Figure 9.8: Potential pass network for the first 15 minutes of Lyon’s match against Marseille. The thickness of the arrow between two players indicates how often a player was available for a pass. Adapted from an original drawing by Paul Power at Prozone.



		Figure 9.9: Potential pass network for Lyon’s match against Marseille during the second 15 minutes of the match.



		Figure 10.1: The increase of chanting over time through social contagion.



		Figure 10.2: Clapping events over time. Each dot represents a single student putting his or her hands together during a round of applause. Adapted from a figure created by Richard Mann.



		Figure 10.3: Social contagion and social recovery in clapping. The solid line is the average number of students who have started clapping. The dashed line is the average number who have stopped 	clapping. Adapted from a figure created by Richard Mann.



		Figure 10.4: Web searches as reported by Google Analytics and news events around potential move of Luis Suárez to Arsenal.



		Figure 10.5: Fish escape wave. Initially the fish are swimming clockwise round a circular tank (a). The frightening rod pops out and the front fish move away from it (b). After 0.7 seconds most of the fish have turned and are facing anti-clockwise (c). After 1.4 seconds nearly all of the fish are facing anti-clockwise and moving in a tightly packed school (d).



		Figure 10.6: Three patterns of movement from the mosh pit simulator: bouncing around in the classic pit pattern (left), circle pit (middle) and ‘trains’ (right). White circles are passive moshers and grey circles are active moshers. Arrows point in the direction of motion. Reprinted with permission from the American Physical Society.



		Figure 11.1: Histogram of guesses by my students of the number of sweets in a jar.



		Figure 11.2: Change of spread in my bookmakers’ model. The shaded area indicates the spread set by the simulated bookies.



		Figure 11.3: Histogram of guesses of the number of corners in the Sweden v USA match in the Women’s World Cup by members of the Stockholm University Zoology Department.



		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 five seasons (dashed line).



		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 five seasons (dashed line).



		Figure 11.6: Simulation of the model where individuals use the decisions 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 first, both the first two punters choose Newcastle (a – occurs in 49.0% of simulations). In the second simulation both the first two punters choose Aston Villa (b – occurs in 9% of simulations). In the third simulation one punter chooses Villa, the other Newcastle (c – occurs in 35.5% of simulations).



		Figure 12.1: Comparison of probabilities based on bookmakers’ odds and match outcomes for Premier League season 2014/15. Outcomes (black circles) above the dotted line correspond to home wins occurring more often than predicted by the odds. Outcomes below the dotted line correspond to home wins occurring less often than predicted by the odds. Open circles indicate odds combinations that are discussed in more detail in the text.



		Figure 12.2: Euro Club Index for the five highest-ranked clubs at the start of the 2015/16 season. Chelsea (a) dropped in the rankings, while Manchester City (b) rose. Arsenal (c), Manchester United (d) and Liverpool (e) underwent small changes.



		Figure 13.1: Changes in capital for Luke (a) and Jane (b) in our gambling simulation.



		Figure 13.2: Histogram of capital after 50 matches for Luke (a) and Jane (b) following 10,000 simulation runs.



		Figure 13.3: How my four gambling strategies – performance indicator (a), odds bias (b), Euro Club Index (c) and expert (d) – would have performed for a starting capital of £100 over the first 40 matches of the 2015/16 Premier League season.



		Figure 13.4: How the Euro Club Index strategy (dashes) performed compared to a benchmark of random bets (solid) with £100 initial capital over the first 60 matches of the 2015/16 Premier League.



		Figure 13.5.: Expected goals for Arsenal in three Premier League matches during November 2014. The area of the square is the probability that a shot from that position would typically be a goal. Arsenal are attacking left to right, so their goal chances are shown on the right-hand side of the pitch as black squares; their opponents (Swansea, Manchester United and West Bromwich Albion) are on the left as grey squares. Calculations made and figure created by Michael Caley. Reproduced with permission. Data provided by Opta.



		Figure 13.6: Expected goals for Arsenal (black squares) in three matches during February and March 2015 against Leicester City, Crystal Palace and Everton (grey squares). For further details see Figure 13.5. Data provided by Opta.



		Figure 13.7: How my four gambling strategies – performance indicator (a), odds bias (b), Euro Club Index (c) and expert (d) – performed for a starting capital of £100 over the first 90 matches of the Premier League 2015/16 season. I bet on the basis of a combination of these four models on matches 41–70, placing more money on the strategies that earned the most. From match 71 onwards I bet solely using the odds-bias model.



		Figure 14.1 A Markov chain model of attack. There are three states for possession: M is having the ball in Midfield; W is having the ball on the Wing; and B is having the ball in the Box. Two additional states, G for Goal and L for Lost indicate the end of a possession. (a) States are represented as circles. Each of the percentage values indicates the probability that the next action is observed from when the ball is in midfield. (b) Probabilities of moving between states. Rows are the current state, columns are the next state, and the entries themselves are the probability of moving from one state to the next. The Goal and Lost states are special since they mark the end of the possession.



		Figure 15.1  Pitch broken down in to five spaces; left wing (LW), left half-space (LH), centre (C), right half-space (RH) and right wing (RW).



		Figure 15.2  What a player sees when facing towards goal when (a) positioned in the half-space and (b) when in the middle of the pitch. Shaded area is ‘blind’ area. White area is visible. The arrow is the direction of orientation.



		Figure 15.3  Guardiola’s use of the half-space to maximize distance from a team defending with 4-4-2. White team is defending with 10m between the players, with 4 defenders and 4 midfielders. Black team is attacking with six players. Striker (ST) approaches the box. The other five attacking players are equally spaced within white’s defence. The distance between the black and the white players is about 7 metres.



		Figure 15.4 How between-post angle depend on shot position. (a) A shot close to the goal has a large between-post angle, in this case 38°. Shots from a less central position (b) or further out (c) have smaller between-post angles (in both these cases the angle is 17°).



		Figure 15.5  Contours where the probability of scoring is 7%, 15% and 30% for two models. In the simplest model (a) each contour line corresponds to positions where the between-goal post angles are equal. In the more accurate model (b), the contour lines also account for the distance from the centre of the pitch and from the goal line.



		Figure 15.6  Mourinho’s use of five defenders to prevent attacks from the half-space. White team defending with 5m between the five defenders, and 10m between the four midfielders. Black team attacking with six players, as described in Figure 15.3. The distance between the black and the white players is now five metres.



		Figure 15.7  Guardiola’s answer to the use of five defenders. Black team is attacking with seven players (striker marked ST). White team is defending, and with 5m between the three middle defenders. The outer defenders are drawn out by the threat of two attacking players on both the left and right sides. The attacking player in the half-space again has seven metres to the nearest defender.
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