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CONFERENCE DIRECTOR’S REPORT

Welcome to the Northern Territory, Australia, foettenth Australasian conference on Mathematics and
Computers in Sport (10M&CS). This is the first titie conference has been hosted in Darwin, Auatsali
northern most capital city. Being winter, Darwirtli@ perfect setting for Australia’s southern stidtegates
to escape the depths of winter, and experience sapieal warmth!

Darwin is one of Australia’s fastest growing citidsvibrant, multicultural and cosmopolitan cityafwin is
home to people from over 70 different ethnic baokigds and 60 nationalities. Located on edge of timor
Sea, it is renowned for its picturesque sunsetdrapical nights. The Northern Territory has a nemobf
national parks and attractions, including LitchdieUluru, Kakadu and Katherine Gorge.

This year we welcome Professor Ray Stefani (CalifoState University) as the day one keynote speake
speaking on Ratings and Ranking. His topic intredue strong theme throughout the conference, ariddoke
forward to his presentation.

We also welcome Professor John Hammond (Southerss@sniversity) as the day two keynote speaker, who
will share with us the history of MathSport. Himély presentation should spark much discussiomen t

future direction of the group, especially as maeledates have connections with sporting bodies asctate
and national institutions of sport.

In this the tenth conference, we find no shortaigeapers on a number of diverse topics. For examye
have papers from cricket, tennis, rugby, athle##dd,, and football, to golf, roulette, badmintoneightlifting
and karate; there is much to pique our interesgsing many domains of sport science, mathematatstics
and computing. As well as the strong Australasia@sence, we welcome contributions from the USAy,Ira
India, and England.

It is also notable that, for the first time, thestnalasian nations of Australia and New Zealandoatt
represented at the FIFA World Cup, and like 8M&@8,look forward to early morning semi-finals cornges
during the conference.

To end our conference, this year we introduce Emegfitus Professor) Neville de Mestre (Bond Uniitg)s
Awards for Best Student Presentation and Best &tuigblication.

All full papers in these proceedings have been pefereed, and | thank all the reviewers for tiseiift
returns given the tight time frame. For assistandbe organisation of 10M&CS, we are very gratéfuto-
editor Matthew Ovens (RMIT University) who has ailmited a significant amount of effort in both
compiling and reviewing papers, along with our tangling scientific committee members. | also thank
Monique Ladds (RMIT University) for her significacontribution in preparing those little things likenails
and reviewers.

On behalf of Co-Director Associate Professor Tinaklewood (Charles Darwin University), and the
MathSport executive, | welcome you to Darwin angdgou will enjoy the presentations, social outings
networking opportunities and wonderful sights of®ia and the Northern Territory.

Dr Anthony Bedford

RMIT University
Conference Co-Director, 10M&CS.
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A WORLD OF SPORTS AND RATING SYSTEMS

Raymond T. Stefani

California State University, Long Beach, USA
Corresponding author: Stefani@csulb.edu

Abstract

As the result of a three-year effort, a comprehansdefinitive and comparative survey is elucidated
internationally recognized federations, for thersporganized by those federations and for thegatystems
employed by those federations to rate those spidited sports and physical sports are both includéd. of
December 2009, 106 Olympic and non-Olympic sparsracognized by the 10C, an additional 25 spams a
recognized by AGFIS and an additional 25 sportsoaganized by additional federations listed by \pédia
under “List of International Sports Federationst.te 156 sports, 17 are combat sports, in whighoopnts
are in direct physical contact (as in boxing), 78 mdependent sports in which contact is not adldvas in
swimming and archery) and 66 are object sportshithvindirect contact is allowed while opponentiapt

to control an object (as in basketball and ches$gw of the lesser known sports are the combattsptyushu
and Kabbadi; the independent sports Apnea and Dr8gats and the object sports Underwater Rugby and
Sepak Takraw. Of the 156 sports, 59 sports havating system, two sports have subjective ratysesns,
82 sports have accumulative systems in which peiotsue monotonically over some window of time, &8d
sports have adjustive systems in which the a raitjgsts in any direction by a factor times thdedénce
between some result and a predictions of that ttesbr accumulative rating systems, features dised
including converting results to points, ageing hessumore than one year old, and adjusting points fo
performance quality. The adjustive systems inclitte probit and averaging methods. This study ptesi
reference material of general interest and tradiefof rating system developers.

Keywords Sports, rating systems, Olympics, internatiopairts federations, ELO, probit

1. INTRODUCTION selected sports that appeared to be widely plaged.
taxonomy of some of those sports is offered in
This paper intends to offer a comprehensiveStefani (1999), using systems methods for
overview of officially recognized international categorization. In this paper, the number of areys
sports and the various rating systems for thoseesamsports will be almost doubled. The 156 selected
sports, as published by the sports federationstwhic sports are those for which competition is organized
organize competition. It is well beyond the scope o by international federations, which are recognized
this paper to survey previous contributions spagnin by three definitive agencies.
the agenda. There are many excellent referenc&he rest of this paper is organized as follows.
books and almanacs listing various types of sportsSection 2 covers 156 sports of the world, providing
the history of each, rules and past results. Sitgjla  unifying taxonomy. It will be noted that many ofth
many specific types of rating systems have beercategorizations will be in sets of three. Section 3
offered in the literature from simple to complex, provides a critical survey of the three basic typgs
operating only on game score or applying regressiorratings systems, provided by governing sports
to many game statistics. A selected list of imparta federations. This section is intended to be a nesou
international sports ratings systems appears irffor those wanting to create a rating system. The
Stefani (1997). In Stefani (1998), 83 widely played reader will have guidance into the basics of cnepti
sports are selected based on International Olympieach type of system. Section 4 will provide
Committee recognition and on additional personally-conclusions.
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2. SPORTSOF THE WORLD may jostle for position (a combat activity). As the
ball is centred, some players try to control thd ba

To begin, what is a sport? | will generalize theals (an object activity). The goalkeeper may not be

dictionary definition; so as to be inclusive, not interfered with in the six yard box (an independent

having to disqualify some widely recognized activity).

competitions. | define a sport as a competitiomgisi

established rules for determining the winner. Sport Determining the Outcome

so defined fall into two classes. In a mind spart,

surrogate (human, mechanical or computer) carnlThe outcome of each sport is determined by one of

make a play for the competitor as in chess andhree methods: by subjective decision, by

bridge. No physical action is need. For example,measurement or by scoring. The outcomes of most

chess has been contested with moves sent viaombat sports are determined subjectively; the

computer or by mail. In a physical sport, the outcomes of most independent sports are determined

competitor must make each play, requiring physicalby scoring or direct measurement whilst the

prowess as in running and soccer. What | call aoutcomes of most object sports are determined by

physical sport follows the more widely used scoring. The rating systems that follow are best

dictionary definition of a sport. It should be nibte selected taking into account the method by which

that the first Mind Sports Games were contested inthe outcome of that sport is determined.

Beijing following the Beijing Olympics for chess,

bridge, draughts (checkers), Go and Xianggi Recognized International Sports

(Chinese Checkers). | suggest that the world of

sports has plenty of room for both mind and physica As mentioned earlier, the purpose of this pap¢o is

sports. select sports with wide international recognitiord a
to survey the rating systems published by the
Categories of Sports relevant sports federations. Three sources of

recognition are chosen herein. It was necessary to
The Official World Encyclopedia of Sports and visit the website of each recognized federation to
Gameg(1979) lists 15 categories of what are thereinlocate all sports organized by each federatiowak
called games (mind sports here) and 13 categofies cnecessary to distinguish a sport (swimming,
what are called sports therein (physical sportg)her athletics) from a discipline within that sport
For example, some physical sport categories ardbutterfly, pole vault) and only count sports. Eirs
court sports, team sports, water sports and stick a the International Olympic Committee, I0OC, is
ball sports. Note that those categories are hardlybviously a world leader in sport; however, the I0C
mutually exclusive. For compactness henceforth,uses non-standard terminology as to the term “$port
physical sports will not be distinguished from mind in that “sport” and “international sports federatio
sports. | suggest with the certainty of physicatth are used interchangeably. (Due to the very large
there are three categories of sports following thenumber of federation abbreviations to follow, the
three ways that two objects (competitors) canreader is directed to the appropriate website dohe
interact in three dimensional space without merging definition.) For example, aquatics is consideretdeo
First, in a combat sport competitors are in directone sport due to the one federation, FINA, which
contact: the goal of a competitor is to control the organizes competition in what the I0C calls four
opponent as in wrestling and boxing. Second, in arf'disciplines”, swimming, diving, water polo and
independent sport no significant contact betweensynchronized swimming, which in common
competitors is allowed as in running swimming and terminology would be considered to be four sports.
shooting: the goal is for the competitor to contrisl  Henceforth, this paper will use the term “sports
or her own self. Third, in an object sport the federation” for what the 10C calls a sport and will
competitors interact indirectly as in soccer, chessuse the term “sport” for what the 10C calls a
and rugby: the goal is to control an object. discipline. As of December 2009, the 10C website
Each activity within each sport also falls into asfe  www.olympic.org recognized the numbers of sports
those three categories. Consider the corner kick irfederations and sports for Summer Olympic, Winter
soccer. As the ball is being readied for play, ptay Olympic non-Olympic competitions as shown in



Stefani, R. 3
Recognition Sports Sports Combat Independent Object
Federations
IOC Summer 26 37 6 21 10
IOC Winter 7 15 0 13 2
I0C Recognized 34 54 3 23 28
Total IOC 67 106 9 57 40
AGFIS (additional) 21 25 6 10 9
Other (Wikipedia) 24 25 2 6 17
Total Additional 45 50 8 16 26
Total 112 156 17 73 66
Table 1: International Sports Federations and Sport

Type of Sports Rating System
Sport Number Accumulative Adjustive Subjective  None
Table 4 Combat Sports 17 3 1 2 11
Table 5 Independent Sports 73 51 3 0 19
Table 6 Object Sports 66 28 9 0 29
Total 156 82 13 2 59

Table 2: Types of Sports Rating Systems

Sport Int. Fed. Recognition Type of Rating Years for

System Accumulative

System
Aikido IAF AGFIS Recognized None
Boxing AIBA IOC Summer Accumulative 4
Fencing FIE I0C Summer Accumulative 1
Judo IJF IOC Summer Accumulative 2
Ju-Jitsu JJIF AGFIS Recognized None
Kabbadi WFK Other None
Karate WKF IOC Recognized None
Kendo FIK AGFIS Recognized None
Kickboxing WIKEF, AGFIS Recognized Subjective
WAKO

Mixed Martial Arts ISCF Other Subjective
Muay Thai IFMA AGFIS Recognized None
Sambo FIAS AGFIS Recognized None
Sumo Wrestling ISF IOC Recognized Adjustive ELO
Taekwondo WTF IOC Summer None
Wrestling-Freestyle FILA I0C Summer None
Wresting- Greco Roman|  FILA IOC Summer None
Wushu IWUF, IKF  10C Recognized None

Table 3: International Rating Systems for 17 ConSjyairts
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Table 1. The sports are broken down into combatwork with a variety of martial-arts weapons. Muay
independent and object categories. The VancouveiThai (boxing, Thai-style) requires skill at hitting
Olympic website provided 15 icons, one each for thewith the feet from various positions. Sambo is an
15 recognized sports whilst it would be expectedEastern-European combination of wrestling and
that a website for the upcoming London Games ofboxing, requiring significant upper-body strength.
2012 would have 37 icons. In addition to the 52 Kabbadi is an Asian Indian sport, involving a ragli
Olympic sports, another 54 non-Olympic sports arerun onto the opponent’s half of a field. The raide
recognized. Table 2 will be discussed in relation t must contact an opponent and return to the raider’s
rating systems. Tables 3-5 contain the combatfield half in one breath, proven by repeatedly sgyi
independent and object sports respectively, showingKabbadi-kabbadi” or ‘Kit-kit".

the source of recognition for each sport and detail Among lesser-known independent sports is Apnea,
to follow about rating systems. an underwater breath-holding sport. Events include
The second source of recognition is the internation Free-dive Apnea and Dynamic Apnea, where the
organization AGFIS, also known under the English athlete swims horizontally with long fins, going as
abbreviation GAISF, which recognizes all I0C- far as possible in one breath. In the 2009 World
recognized federations as well as an additional 21Championships, Goran Colak of Croatia broke the
federations organizing 25 additional sports, See th world record in Dynamic Apnea with a distance of
References section for the web link. 244 m, almost five lengths of a 50 m pool on one
The third source or recognition is Wikipedia. As of breath. The female winner, Lidija Lijic of Croatia,
December 2009, Wikipedia had organized coveragecompleted 182 m on one breath. Other independent
of international sports federations (as in thisggap sports include rowing huge ornamental boats
into IOC-recognized federations, additional (Dragon Boats), Frisbee Golf and a simulated
AGFIS/GAISF recognized federations and anothercombat shooting sport called Practical Shooting.

24 federations organizing 25 sports. The WikipediaUnderwater Rugby is an unusual object sport with a
website provides convenient links to all sports water-filled ball which must be stuffed into an
included here, although some links do not work andunderwater basket to score a “try”. Underwater
some sports are not in the correct branch of tl& 10 hockey involves flipping a lead puck along the pool
AGFIS-Wikipedia trilogy. See the References bottom with a small stick. Bandy (on ice) and Shint
section for the web link. Table 1 includes 156 (on grass) are Gaelic stick and ball sports with
sports, 2/3 of which are 10C recognized. About 10%similar rules and equipment. Hurling is another
(17) of these are combat sports whilst the remginin Gaelic stick and ball sport wherein the ball can be
90% of the sports are about evenly distributedcarried on the end of the stick and then hit inainid
among 73 independent sports and 66 object sportdoward the goal with remarkable accuracy. Gaelic
AGFIS and Wikipedia also include a number of football has the same rules as for Hurling. Gaelic
federations that organize social meetings, organizd-ootball and its cousin Australian Rules Football
international competitions for the other sports andpreserve football as it was played in the early0s30
organize sports for separately-abled athletes. Suclklthough there is a World Cup of American
sports are not included here. Football, that fact was apparently unknown to the
Among the 156 sports in Tables 3-5, are well knownAmericans who did not field a team in the first two
combat sports such as boxing and fencing,competitions (1999 and 2003), both won by Japan.
independent sport such as archery and swimminghe Americans redeemed themselves somewhat by
and object sport such as basketball and soccery Mandefeating Japan in the 2007 final. Rugby Fives (a
other less well-known sports are well worth form of court handball), Guts Frisbee (where the

exploring. Frisbee is made purposely hard to catch) and a foot
volleyball sport called Sepak Takrow (literally kic
Some Lesser-Known Sports ball) are other lesser-known object sports.

Wushu is a combat sport with an odd name to the
Western ear. Better known as Kung Fu, the Wushsu
athlete must make breathtaking in-air movement and
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Sport Int. Fed.  Recognition Type of Rating Years for
System Accumulative
System
Aerobatics FAI IOC Recognized None
Airsoft Practical Shooting| IAPS Other Accumulative 2
Alpine Skiing FIS IOC Winter Accumulative 1
Apnea CMAS IOC Recognized None
Archery FITA IOC Summer Adjustive
Artistic Roller Skating FIRS IOC Recognized None
Athletics(Track and Field), 1AAF IOC Summer AccumiNe 1
Auto Racing FIA Other Accumulative 1
Ballooning FIA IOC Recognized None
Biathlon IBU IOC Winter Accumulative 1
BMX cycling ICU I0C Summer Accumulative 1
Bobsled FIBT IOC Winter Accumulative 1
Bodybuilding IFBB AGFIS Recognized None
Bowling FIQ IOC Recognized Accumulative 1
Canoe ICF IOC Summer Accumulative 1
Casting ICSF AGFIS Recognized None
Cross County Skiing FIS IOC Winter Accumulative 1
Cycling-road ICU IOC Summer Accumulative 1
Cycling-Track ICU IOC Summer Accumulative 1
Dance Sport IDSF IOC Recognized Accumulative 1
Darts WDF AGFIS Recognized Accumulative 2
Diving FINA IOC Summer Accumulative 1
Dragon Boats IBSF AGFIS Recognized None
Equestrian FEI I0C Summer Accumulative 1
Figure Skating ISU I0C Winter Accumulative 2
Finswimming CMAS IOC Recognized None
Fishing CIPS AGFIS Recognized None
Freestyle Frisebee WFDF AGFIS Recognized Accunudati 1
Freestyle Skiing FIS IOC Winter Accumulative 1
Frisbee Golf WFDF AGFIS Recognized Adjustive
Glider Racing FAI IOC Recognized Accumulative 3
Golf IGF I0C Recognized Adjustive
Gymnastics FIG IOC Summer Accumulative 1
Hang Gliding FAI IOC Recognized Accumulative 3
Horseshoes NHPA Other None
Ice Climbing UIAA IOC Recognized Accumulative 1
Kayak ICF I0C Summer Accumulative 1
Life Saving ILSF IOC Recognized None
Luge FIL IOC Winter Accumulative 1
Minigolf WMF AGFIS Recognized Accumulative 3
Modern Pentathlon UIPM IOC Summer Accumulative 1
Motorcycle Racing FIM IOC Recognized Accumulative 1
Mountain Bike Cycling ICU IOC Summer Accumulative 1
Mountain Running WMRA  Other None
Nordic Combined FIS IOC Winter Accumulative 1
Orienteering IOF IOC Recognized Accumulative 1
Power Boating uiM IOC Recognized Accumulative 1

5
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Powerlifting IPF AGFIS Recognized Accumulative 1
Practical Shooting IPSC Other None

Rhythmic Gymnastics FIG IOC Summer Accumulative 4
Rowing FISA I0C Summer Accumulative 1
Sailing ISAF I0C Summer Accumulative 2
Shooting ISSF IOC Summer Accumulative 2
Short Track Speed Skating ISU I0C Winter Accumulati 1
Skeleton Sled FIBT IOC Winter Accumulative 1
Ski Jumping FIS IOC Winter Accumulative 1
Ski mountaineering UIAA I0C Recognized Accumulative?2
Skibobbing FISB Other None

Skydiving FAl IOC Recognized None

Sled Dog Racing IFSS AGFIS Recognized Accumulativd
Snowboarding FIS IOC Winter Accumulative 1
Speed Roller Skating FIRS IOC Recognized None

Speed Skating ISU IOC Winter Accumulative 1
Sport Climbing UIAA I0OC Recognized Accumulative 1
Surfing ISA IOC Recognized Accumulative 1
Swimming FINA IOC Summer Accumulative 1
Synchronized Swimming FINA I0C Summer None

Trampoline FIG I0C Summer Accumulative 4
Triathlon ITU IOC Summer Accumulative 2
Ultra-light Aircraft FAI I0C Recognized None

Underwater Orienteering CMAS IOC Recognized None

Water Skiing IWSF IOC Recognized Accumulative 1
Weightlifting IWF I0C Summer Accumulative 1

Table 4: International Rating Systems for 73 Inchejeat Sports

tend to be the best predictors of future perforreanc
3. SPORTS RATING SYSTEMS FOR THE since each adjustment follows from a predictor-
WORLD SPORTS corrector action; hence predictability is

built in. Accumulative systems are preferred by
It is important to distinguish a rating from a ramk many tournament-rich  sports because the
A rating is a numerical value assigned to aaccumulation of points requires top athletes terent
competitor, based on results and other factorssivhil as many tournaments as possible, which encourages
a ranking is the ordinal placement based on thdicket sales and TV revenue.
ratings. The federation websites for all 156 sportsTable 2 contains the result of the survey of sports
were carefully searched for rating systems. In manyrating systems. Federations for 59 sports do not
cases, an existing system was not easily located bpublish ratings. Of the 97 published rating systems
information on the home page; however, aonlytwo are subjective, 82 are accumulative and 13
subsequent search via Google did locate an existingre adjustive. It is clear that accumulative system
system. In each case, data over some fixed periodre favoured.
are analysed sequentially to establish the ratiAgs. Table 3 (for the 17 combat sports), Table 4 (fa th
has been true of other taxonomies, sports rating’3 independent sports) and Table 5 (for the 66abbje
systems may be separated into three mutuallysports) show the federation for each sport, thecsou
exclusive types, depending on how new ratings areof recognition, the type of rating system if anydan
arrived at for each update over the data window.the number of years in the data window used by
Ratings are either subjective; objective-non- each accumulative system. Table 5 identifies true
decreasing (called accumulative here) or objectiveteam sports among the object sports. Each type of
able to increase, decrease or remain the samedcall rating system is now covered in detail.
adjustive here). The adjustive rating systems lgual
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Sport Int. Fed. Recognition TeamType of Rating Years for
Sport  System Accumulative
System

American Football IFAF AGFIS RecognizedTeam  None
Badminton BWF IOC Summer Accumulative 1
Bandy FIB IOC Recognized Team None
Baseball IBAF IOC Recognized Team Accumulative 4
Basketball FIBA IOC Summer Team Accumulative 8
Beach Volleyball FIVB IOC Summer Team Accumulativel
Bocci CBI I0OC Recognized None
Bridge WBF IOC Recognized Accumulative 8
Broomball IFBA Other Team None
Carom Billiards WCBS,UMB I0C Recognized Accumuwlati 2
Chess FIDE I0C Recognized Adjustive ELO
Court Handball USHA Other Accumulative 1
Cricket ICC IOC Recognized Team  Adjustive
Croquet WCF Other Adjustive ELO
Curling WCF IOC Winter Accumulative 7
Double Disc Court WFDF AGFIS Recognized Accumulative 1
Frisbee
Draughts FMJD AGFIS Recognized Adjustive ELO
English Billiards WCBS I0C Recognized None

IBSF
Field Hockey FIH IOC Summer Team Accumulative 4
Fistball IFA AGFIS Recognized Team None
Floorball IFF IOC Recognized Team None
Gaelic Football GAA Other Team None
Go IGF, EGF AGFIS Recognized Adjustive ELO
Guts Frisbee WFDF AGFIS Recognizedeam Accumulative 1
Handball IHF I0C Summer None (Ind &

All-Time Best)

Hurling GAA Other Team None
Ice Hockey IIHF I0C Winter Team Accumulative 4
Inline Roller Hockey | FIRS IOC Recognized Team None
Korfball IKF I0C Recognized Team Accumulative 4
Lacrosse FIL, IFWLA, Other Team None

ELF
Lawn Bowls CMSB, World  10C Recognized Accumulative 4

Bowls LTD
Netball IFNA I0C Recognized Team  Adjustive,

similar to ICC

Pelota Vasca FIPV IOC Recognized None
Pesapallo PESIS Other Team None
Petanque CMSB, FIFJP I0C Recognized None
Polo FIP IOC Recognized Team None
Pool WCBS,WPW IOC Recognized Accumulative 1
Racketlon FIT Other Accumulative 2
Racquetball IRF, IRT IOC Recognized Accumulative 1
Real Tennis IRTPA Other Accumulative 1
Rock it Ball IRIBF Other Team None




8 A World of Sports and Rating Systems

Roller Hockey
Rounders
Rugby Fives
Rugby League
Rugby Sevens
Rugby Union
Sepak Takrow
Shinty
Snooker

Soccer

Soft Tennis
Softball
Sport Bowls
Squash

Table Hockey
Table Soccer
Table Tennis
Tennis

Throwball

Tug of War
Ultimate Fisbee
Underwater Hockey
Underwater Rugby
Volleyball

Water Polo

FIRS
NRA
RFA
RLIF, RLEF
IRB
IRB
ISTAF
CA
WCBS
WPSBA
FIFA

ISTF
ISF

CMSB, FIB
WSF
PSA(M)
WISPA(W)
ITHF
ITSF
ITTF

ITF,
ATP(M)
WTA(W)
ITF

TWIF
WFDF
CMAS
CMAS
FIVB

FINA

IOC Recognized Team None

Other Team None
Other Accumulative 1
Other Team None

Team Accumulative 1
Team  Adjustive
None
Team None
Accumulative 2

IOC Recognized
IOC Recognized
AGFIS Recognized
Other
I0C Recognized
IOC Summer Team Adjustive (M)
Adjustive ELO
(W)
Accumulative 1
Team None

AGFIS Recognized
IOC Recognized

I0C Recognized None
I0C Recognized
Adjustive
Other Accumulative 2
Other Accumulative 1
IOC Summer Accumulative 4
IOC Summer Accumulative 4
1
1
Other Team None

IOC Recognized Team None
AGFIS Recognizedrfeam  Accumulative 1
IOC Recognized Team None
IOC Recognized Team None
IOC Summer Team Accumulative 4
IOC Summer Team None (World
League Only)

Table 5: International Rating Systems for 66 Obf&ubrts

Subjective Rating Systems

Year = the number of years included for an accuitivgdasystem

IFNA Muay Thai federation does not publish Muay
Thai ratings. The WIKF Kickboxing federation

The only two subjective systems are for WACO publishes ratings for the Kickboxing events that
Kickboxing and the ICSF Mixed Martial Arts. A WIKF organizes and WIKF also publishes Muay

panel of experts

ranks competitors and thoseThai ratings as a service to Muay Thai, although

individual rankings are combined for the overall Muay Thai competition is organized by IFNA.

ranking. There

are also

non-internationally

recognized systems in boxing published by theAccumulative Rating Systems
WBC, WBA, IBF and WBO organizations and in
UFC mixed martial arts, each of which employs a An accumulative rating system for competitor

champion-challenger

system

international tournaments.
There is one anomaly of this accounting system in
that the word “None” describes the fact that the

rather

than follows the form shown in (1), where summation is
over a window of past results for competitor
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New rating for i =

S fi(results, weights, ageing, old ratings, ?;’Stems lN“mber of Years
other factors) (1) 12 2
3 3
The functionf; in (1) includes converting results for 11 (Curing) ‘;
. . . . . . uri
competitor i to points, weighting points by 2 (Basketball, Bridge) 8

importance, ageing data from previous years,
including old ratings and other factors. The term  Taple 6: Number of Years for the 83 Accumulative
“accumulative” follows from the fact that all Systems.

f,(..) =20, hence ratings for eactare non-decreasing

as summation moves over the data window. AWhen there is a multiple-year window, the previous
particularly simple accumulative system employs theyear’s results (relative to the current year) may b
“best” operator for the functiofy. For example, the *“aged” by multiplying the current year’s results by
current year's best result is used by IAAF athketic 100% and by multiplying each previous year’s
and FINA swimming whilst the three best results of results by a lower value.

the current year are used by FINA diving.

Two distinctly different methods are employed to Year | Uniform Non Uniform Ageing

convert results to points weighted by importance. | Ageing FIVB Volleyball

FIVB Basketball, the various championships held All Points 4 year events 2 year
over the eight-year window are each given a vectar events

of weights varying from 5 to 0.1. Placement in each’ 100% 100% 100%
championship is given a common set of points from

50-1. It is necessary to multlply_ the weight b_y_ the 2 75% 750 50%
placement points for a given competition.

Conversely, for ATP (men’s professional) Tennis 3 50% 50% 0

and WTA (women'’s professional) Tennis, a matrix 4 25% 25%

is published where each row contain result-score 0 0

for a given championship (say for Wimbledon)

whilst each column contains the placement scores

(for say, being eliminated in the quarter-finalEhe Table 7: Ageing of Data

matrix approach is recommended since both athlete  Uniform ageing: IIHF Ice Hockey, IKF Korfball,
and sports follower can easily denote the pointseto ITF Tennis, FIH Field Hockey, ITFF Table Tennis.
accumulated for a given placement in a given Non uniform ageing: FIVB Volleyball

championship.

Table 6 shows the number of data-window years'able 7 shows two methods used to age data.
used by the 83 accumulative systems. Notice that £9€ing occurs over a four-year window for five
one year window is the most frequent data window,SPorts with all events in a given year being aged
clearly favoured by the independent sports in Tableexactly the same way, with a graduated ageing that
4 and by the individual (non-team) object sports indrops by the same fraction each year. Conversely,
Table 5, where the skill of an individual can chang FIVB volleyball employs non-uniform ageing in that
rather dramatically from year to year. The numter o SOme event results are aged differently than others
systems drops for two and three year windows andfontested in the same year, depending on the
increases for four year windows, which usually frequency of the event. _ _
include one world cup and/or Olympic cycle. |DF Darts is the only accumulative system using
Multiple-year windows are favoured by the team MOney won. In some sports, the final position value
object sports in Table 5, where a team may play 4 Multiplied by values dependent on other factors

limited number of international matches in a given for that sport. In FAl Hang Gliding and Paragliding

comparisons. number of entrants, the relative time and the numbe
of skills used. In ISAF Sailing, other factors indé
the importance of the race and the quality of
entrants. In ISSF Shooting, other factors incluk t
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importance of the match, the score relative to the
world record and the score relative to minimum d = old rating for i - old rating for j (3)
standards. In IFSS Sled Dog racing, points are
earned based on the length of race, the importaihce Six sports are rated using the Elo system, three ar
the race and relative time. In ITU Triathlon, a ben  rated using Probit systems whilst four sports emplo
is given based on the number of top 20 entrantsaveraging methods. Each type is now covered in
however, no points are earned if the final time isorder.
worse than a cut off time.

Elo Rating Systems
Adjustive Rating Systems

A strong point of the Elo system is simplicity,that
An adjustive rating system for competiohas the the system depends more on theory than on ad-hoc
form shown in (2). parameter selection. For the Elo System

new rating for i = old rating for i + P(d)=1/@+107'29 1y (4)
K [ new result -
prediction (old results, weights, old ratings)] Here ¢ denotes the standard deviation of team
(2) performance, usually set at 200 arbitrarily whikst
mean is also set arbitrarily. The adjustive
This type of rating system follows the format of a mechanism causes the rating distribution to follow
predictor-corrector in which a rating for can  whatever mean and standard deviation are selected.
increase, stay the same or decrease as each ndunly K must be selected purposely. It may seem
result is compared to each prediction based orillogical to use a basg0 exponent rather than a base
information available prior to the competition. The e exponent. Actually, (4) is an approximation to a
value ofK must be chosen carefully. Too large of a basee function.
value for K would make the ratings respond too The “new result” for the Elo system follows the
forcefully to the error term in the square bracketsscale (1 = a win, .5 = a draw and 0 = a loss) for
[...]., probably making ratings oscillate thereafter competitori against opponerjt which is compared
whilst too small of a value for K would make the to the a prior probabilityP(d). The rightmost

ratings unresponsive fa.]. adjustment term in (2) becomis[w — P(d)] where
w is the new result. The maximum positive
Type New Result Prediction adjustment isK [1-0] or K. The ELO system was
developed by Chess Master Arpad Elo. That system
Elo 1, .5,0) P(d) is used for six very diverse sports: FIDE Chess,

FMJD Draughts (Checkers), WCF Croquet, IGF Go,
FIFA Women's Soccer and ISF Sumo Wrestling.
Probit 1.0,-1) k dwith limiting Three applications are to mind sports and three are
to physical sports.

For each of the six Elo applications, Table 9 shows
the value of assumed team standard deviation and

Averaging Chosen values Past average of
chosen values

the range ofK values. In order to compare the
systems, the rightmost column shows the maximum

According to Table 2, there are 13 adjustive system rating change divided by the team standard
published by the federations listed in Tables 5. deviation, which equalk divided byo . The last
Table 8, these adjustive systems fall into anotheicolumn of Table 9 thus measures the sensitivity of
trilogy of categories, based on how the new result the rating system. Wher¢ has a range of values,
used to make adjustments vis-a-vis the method usetfl€ maximum rating change also has a range of
to predict each result. Let teaits most recent values.

opponent be designat¢dLet d represent the rating

difference between the ratings of competitoamd]

prior to the most recent competition, as given3jy (

Table 8: Types of Adjustive Systems
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Sport o K [Max. rating change summarizes the value of the match predictiod,
Kl/o: the ratings smootheK, home advantage and the
FIDE Chess, | 200 10-25 .05-.12 maximum change in terms of team standard
FMJD deviations so as to compare with the Elo systems of
Draughts Table 9.
IGF Go 70-200  10-116  .14-58 The ICC Cricket and IFNA Netball systems are
ISF Sumo 5 200 550 25 a5 |dent|pal, both havm_g bgen .developed by David
Wrestiing Kendix. Here prediction is given bg/50 and K
depends on the number of games played.
EIFA 200 10 — 40 05 -.20 For IRB Rugby, prediction is given Wlo and 3
Women's rating points are added tbfor a home advantageiif
Soccer plays at home. As compared to FIFA Elo Women'’s
Soccer which adds uses 100 rating pointsl tas
WCF 250 50 .20 home advantage, the assumed fraction of home wins
Croquet for d = 0 is about the same (65% for Rugby and 64%

for soccer). The maximum change for Cricket is the
same as the maximum rating change for Rugby
using a windown of about 10.

For the mind sports of Chess, Draughts and Go ad "€ IRB Rugby system is at the upper range of
well as for the physical sport of Sumo Wrestliigg t ~ Sensitivities compare to the Elo systems of Table 9

smallest maximum rating change is for a grandNote that the IRB Rugby system is the only one

master whilst the largest maximum rating change isUSing score difference as a factor in determigg

for a beginner. In such sports, it is logical tiaat yvh|ch_also depends on _match |mp(_)rtance. _Slnce the
newcomer wants to move up quickly whilst a grand|nclu5|0n of score provides more information than

master wants to remain highly rated; hence sucHUStwinning, this IRB Rugby is recommended as an
rating sensitivities appeal to both competitors and€Xcellent example of a Probit system.

meet directors. Conversely for Women’s Soccer, the )

smallest maximum rating change is for a friendly Averaging Systems

whilst the largest maximum rating change is for a ) ,

World Cup final, as is reasonable for that spgiar ~ In an averaging system, a new result is compared
croquet all competitors are subject to the sameVith @ past average of that same result, causing

maximum rating adjustment. The most sophisticated@ling adjustment in (2). Five sports use averaging
selection of K is done for arguably the least SyStems.In FIJA Archery, each score is adjusted fo

sophisticated sport, Sumo Wrestling, in that thethe cohort tournament average compared with the
other sports employ ad-hoc valueskoivhilst Sumo last cohort World Cup average and the scores are
Wrestling employs a theoretically-derived formula. @veraged over one year (minimum of 3) matches. In
Note that a rating system designed to facilitate WFDF Frisbee Golf, a score more than two standard
accurate predictions whilst not being beholding to deviations from the mean is not used. The lastteigh

competitors or meet directors would most likelyatre ~SCOres are averaged. In IGF Golf, points are adcrue
highly-rated and lower-rated competitors with the depending on tournament placement and a two-year

Table 9: Six Elo Rating Systems

same adjustment mechanism. average is used (minimum of 40 tournaments). In
WSF Squash tournament points are averaged over
Probit Rating Systems one year (minimum of 10 matches). For a Men’'s

Soccer match, FIFA multiplies factors which depend

For the three Probit adjustive systems in Table 100N Importance, continent, outcome and opponent
the predicted probability of a win is a linear ftion ~ rating, Ratings follow using a four-year weighted
k d, limited to a range such as +1 to -1. The newaVverage.

result is then evaluated for competioas (1 = a

win, 0 = a draw and -1 = a loss). The adjustment

term in Equation 2 becont¢ [w — k d] wherew is

the new result. The maximum positive adjustment is

K [1- (-1)] or 2 K. For each Probit system, Table 10
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Sport Predictiolk d K Home Home [Max rating
Adv.  Wins change
2K 1/oy
ICC Cricket d/50 50/n 0 34/n
IFNA Netball with limiting  n = games
(David Kendix) played
IRB Rugby d/10 1-3 3 65% .13-.38
With limiting  (win margin,
importance)
(FIFA Elo Wom. 100 64%
Soccer)

Table 10: Three Probit Rating System&£HElo is shown for comparative purposes)

4. CONCLUSIONS Wikipedia List of International Sports Federations
http://fen.wikipedia.org/wiki/List_of internationadport_

Based on three sources of recognition, 156 widely federations:

played international sports were identified, 17 of

which are combat sports, 73 are independent sports

and 66 are object sports. The organizing sports

federations published rating systems for 97 of éhos

sports, only two of which are subjective. Among the

83 accumulative systems, several convert

performance points via a very compact and useful

placement-importance matrix. A one year window is

commonly used for individual independent and

object sports; a four-year window is commonly used

for team object sports and ageing is may be done

uniformly in equal steps for all points earned in a

given year. Of the adjustive systems, the Elo syste

is noted for its simplicity whilst the IRB Rugby

Probit system is particularly well structured. The

nine Elo and Probit adjustive systems had a

maximum rating adjustment that varied from about

0.1 to 0.6 team standard deviations.
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Abstract

Typically the binary integer linear program (BILP) formulation of the minimum violations ranking (MVR)
problem and related rank aggregation problem is the preferred way to find a ranking that minimizes the
number of violations to hillside form. However, for very large ranking problems, the BILP formulation is
limited by the O(n>) number of constraints. Even when constraint relaxation techniques are employed, there
are practical limits on the size of n, the number of items being ranked. One goal of this paper is to demon-
strate these limits on several ranking problems drawn from a wide range of application areas. Another goal
is to overcome these limitations by using a evolutionary optimization (EO) algorithm to solve large MVR
ranking problems. Our EO algorithm uses many features of the BILP formulation to improve its speed
and convergence. Though EO, unlike BILP, is not guaranteed to produce the global optimum, its speed,
scalability, and flexibility make it the method of choice for solving very large-scale linear ordering problems.

Key words: evolutionary optimization, binary integer linear program, minimum violations, ranking,

hillside form, March Madness

1. Introduction

In this paper, we present a rating method that,
given information on the pairwise comparisons of n
items, minimizes the number of inconsistencies in
the ranking of those items. Though Minimum Vi-
olations Ranking (MVR) methods have many ap-
plications (Reinelt et al., 1984), we use exam-
ples from sports to explain our new MVR meth-
ods. There are two algorithms discussed in this pa-
per that both use MVR. The binary integer linear
program (BILP) shown in this paper always gives
the optimal solution to the optimization problem.
The evolutionary optimization (EO) gives a heuris-
tic solution. In order to understand the methods, we
must define terms that will be used throughout the

paper.

The matrix D below, which we call a point dif-

ferential matrix, contains pairwise comparison data
and is commonly and easily produced for many
sports.

1 2 3 45

1(0 0 0 0 O
219 0 4 0 2
D=3]5 0 0 0 O
4115 3 8 0 5
56 0 3 0 O

The (2, 3)-entry means that team 2 beat team 3 by 4
points in their matchup. We will analyze this point
differential matrix in order to produce a ranking of
these five teams. At this point we introduce a defi-
nition.
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A matrix D is in hillside form if

dij <dy
dij >z dyj

Viand V j<k
Vjand Vi<k.

The name is suggestive as a cityplot of a matrix
in hillside form looks like a sloping hillside as in
figure 2. As an illustrative example, consider two
point differential matrices from two different sea-
sons. Since this represents seasonal data, it is pos-
sible that some of the teams played multiple match-
ups. For instance, one possible scenario for matrix
B is that teams 1 and 3 played two times during the
season, the first time team 1 beat team 3 by 5 points
(B(1,3)=5) and the second time team 3 beat team 1
by 7 points (B(3,1)=7). The matrix given in A is
in hillside form and the season represented in B is
not.

0 3 5 8 15
00 2 4 9
A= 0 0 0 3 6
00 0 0 5
00 00 O
and
0 3 5 8 15
00 2 4 9
B = 7 0 0 3 4
00 0 0 5
00 00 O

For n X n matrices in hillside form, the ranking r
of the items is clear: r = (1 2 n). For
non-hillside matrices, we can count the number of
violations of the hillside conditions. In the above
example, B has 7 violations. Often a matrix that
appears to be non-hillside can be symmetrically re-
ordered so that it is in hillside or near hillside form.
In fact, the non-hillside matrix D when reordered
according to the vector (5 2 4 1 3) forms
the hillside matrix A. Finding such a hidden hill-
side structure is exactly the aim of both the EO and
BILP methods. Our MVR methods find a reorder-
ing of the items that when applied to the item-item
matrix of differential data forms a matrix that is as
close to hillside form as possible. We will discuss
our measure of closeness to hillside form as viola-
tions which are defined in the next paragraph.

Hillside form gives a great deal of information
about the difference in the strengths of teams. For

Program Approaches

example, matrix A says that not only is team 1
ranked above teams 2, 3, 4, and 5, but we expect
team 1 to beat team 2 by some margin of victory,
then team 3 by an even greater margin, and so on.
Sometimes a data matrix has been reordered to be
as close to hillside form as possible, yet violations
remain. These violations are of two types: upsets
and weak wins. Nonzero entries in the lower tri-
angular part of the reordered matrix correspond to
upsets, i.e., when a lower ranked team beat a higher
ranked team. Weak wins manifest as violations of
the hillside conditions that occur in the upper trian-
gular part of the matrix. This is when a high ranked
team beats a low ranked team but by a smaller mar-
gin of victory than expected. Our MVR paper in-
herently weights upsets more than weak wins. The
example matrix B above demonstrates this well.
Notice that the presence of the 7 in the lower tri-
angular part of the matrix accounted for 6 of the 7
violations. Looking across the third row, the 7 is to
the left of four number which are smaller in mag-
nitude, giving 4 of the violations. Down the first
column, 7 is below two zeroes giving the final 2 of
the violations. The last of the 7 violations can be
seen in the fifth column since the 5 falls below the
4.

Although we have not experimented with alternate
ways to weight the data, it is possible. The user
could weight the seriousness of the upset. For ex-
ample, a 12" ranked team beating a 4" ranked team
would be weighted more heavily than a 9" ranked
team beating an 8" ranked team. This would be im-
plemented by simply doing a Hadamard product of
the data matrix with a weight matrix where the val-
ues in the lower, left-hand corner would be larger
than those around the rest of the matrix. A sec-
ond idea is to weight the input data by date. If the
ranking is used as a predictive method for a tourna-
ment, then games closer to the tournament would
be weighted more heavily. Many different weights
could be used here. Other methods such as Colley
and Massey use linear, exponential, logarithmic, or
step functions to weight the games.

There are many types of data that can be used as
input to create MVR rankings. Below are four
common data matrices that can be used for sports
teams.
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1. Point Matrices:

(a) Psum; ; = sum of all the points scored by
team i against team j

(b) Pavg; ; = average of all points scored by
team 7 against team j

2. Point Differential Matrices:

(a) Dsum;; = sum of all the positive point
differences scored by team 7 against team
J

(b) Davg, ; = average of all positive point
differences scored by team i against team
J

3. Difference Matrices:

(a) Diffsum;; = sum of the points scored by
team i minus points scored by team j

(b) Diffavg; ; = average of the points scored
by team i minus points scored by team j

4. Rank Aggregation Matrices:

(a) For rank aggregation, we use rankings
from other models and combine the data.
We combine the data in the following
way:

(b) RankAgg, ; = # lists having i above j

It is important to note that our algorithms have
been tested with data from entire seasons to use as
prediction models for tournaments. However, this
does not necessarily mean that we have informa-
tion on every head to head match-up between the
teams. The rankings can still be computed using
the indirect relationships in the data. Future work
needs to be done to determine whether there is a
warm up period needed for the algorithms to run
successfully.

This paper is outlined as follows. First, in Section
2, we summarize the major findings from our prior
MVR solution technique, which uses mathemati-
cal programming to find MVR rankings. Then in
Section 3, we propose our new MVR solution tech-
nique, which uses the very intuitive method of EO.
Section 4 gives results on data from the Southern
Conference region of NCAA Division I basketball
in the United States. The paper ends with some ex-
periments from NCAA basketball and thoughts on
future work for this topic.

2. Findings from Prior Work in Mathematical
Programming

Other researchers have proposed various methods
for solving the MVR problem (Ali et al., 1986;
Cassady et al., 2005; Coleman, 2005; Park, 2005)
and in another paper (Langville et al., 2009), we
formulated a binary integer linear program (BILP)
to solve the MVR problem described above. In that
paper, our MVR methods used ideas from math-
ematical programming. While specialized knowl-
edge of that field is required to appreciate and im-
plement those methods, in this section we summa-
rize the findings from that paper that pertain to this
work. Our goal in this paper is to solve the MVR
problem using a more intuitive technique that re-
quires no specialized knowledge or software.

The BILP that we formulated and explained in de-
tail in (Langville et al., 2009) is below.

mini i

Cij Xij
i=1 j=1
xjj+x; = 1 foralli#j
Xij+xjp+xg < 2 foralli# j#k
xij € {0,1},

where

1, ifitem iis ranked above item j
Xij = .
0, otherwise.

and C is a matrix of constants formed from the data
matrix D. One definition assigns

cij =#k|dy <dp}+#kldy>d}, (1)

where # denotes the cardinality of the correspond-
ing set. Thus, #{k | dy < dj} is the number
of items ranking item j above item i. Similarly,
# k| di; > di;} is the items ranking item i above
item j.

Industrial software such as Xpress-MP finds the
globally optimal MVR ranking. When the opti-
mization algorithm concludes, these x;; variables
can be assembled into a binary matrix X, which is
then used to create a ranking of the n items. The
item with the greatest number of 1s in its row is the
highest ranked team. In fact, this item has a row
sum of n — 1, meaning that it is ranked above ev-
ery other item. The second place item will have a
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row sum of n — 2, the third place item will have a
row sum of n — 3, and so on down to the last place
item, which has a row sum of 0, meaning that it is
ranked above no items. In addition, in (Langville
et al., 2009) we described a linear time algorithm
for scanning the optimal ranking to identify mul-
tiple optimal solutions. In other words, multiple
optimal solutions correspond to an optimal MVR
ranking with ties in some rank positions.

We discovered that the O(n®) inequality constraints
dramatically limit the size of ranking problems
that can be solved with the BILP method. Con-
sequently, we used classical relaxation techniques
from the field of mathematical programming. One
relaxation solves the linear program (LP) relax-
ation of the original BILP. The LP results were very
good. We were able to prove that the LP solu-
tion was optimal for the BILP under certain con-
ditions. In the few cases where the LP produces a
suboptimal solution, we used bounding techniques
to produce a measure €, indicating that the LP
solution is within €% of the optimal BILP solu-
tion. Further, the LP relaxation requires slightly
less computation, immediately identifies multiple
optimal solutions, and enables sensitivity analysis,
which enables measures of confidence in the as-
signments of items to rank positions. While we
solved a 347-team example in under a minute using
Xpress-MP software, we were still unsatisfied with
the size of ranking (also known as linear ordering)
problems we could solve. As a result, in this pa-
per, we present a very intuitive solution technique
called EO that requires no specialized knowledge
of mathematical programming or its software and
enables the solution of even bigger ranking prob-
lems.

3. EO

3.1. Overview of EO

EO, as the name suggests, takes it modus operandi
from natural evolution, and every EO algorithm
uses the basic evolutionary ideas of mating, mu-
tation, and survival of the fittest to solve an opti-
mization problem. The trick is to tailor these basic
ideas to fit the specific problem at hand. The idea
is to start with some initial population of p possi-
ble candidate solutions for the problem of interest.
Each member of the population is evaluated for its
fitness. The fittest members of the population are
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mated to create offspring that contain the best prop-
erties of their parents. Continuing with the evolu-
tionary analogies, the less fit members are mutated
in asexual fashion while the least fit members are
dropped and replaced with immigrants. This new
population of p members is evaluated for its fitness
and the process continued. As the iterations pro-
ceed, it is fascinating to watch Darwin’s principle
of survival of the fittest. The populations march to-
ward more evolved, fitter collections of members.
Perhaps more fascinating is the fact that there are
theorems proving that evolutionary algorithms con-
verge to optimal solutions in many cases and near
optimal solutions under certain conditions (Fogel
and Michalewicz, 2004). Unfortunately, evolution-
ary algorithms can be slow-converging, which is
why careful tailoring to the application is so im-
portant (Fogel and Michalewicz, 2004).

3.2. Tailoring EO to the MVR problem

In this section, we tailor the general EO ideas above
to our specific MVR problem.

Initial Population

; ; Calculate the Fitness
4 4 :,!EI
32 ]
O

2 3
42
11
34

Get an Offspring
Mutating

ing
1| |4
2 2 2]
and 1 — i
3 4 4 3 3
Then calculate the fitness one step at a time.

Population Changes
Drastically

STOP! Print out the best parent solution;
this is your team ranking!

Figure 1: Overview of steps of EO for ranking
problem
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3.2.1. Members of the Population

For our MVR problem, each member of the EO
population is a ranking vector, i.e., a permutation
vector of the integers 1 through n.

3.2.2. Initialization

The EO algorithm always gets increasingly closer
to hillside form as it progresses. This is motivation
to find a good initial population. There are many
established methods of ranking that have done well
in predictive settings such as the NCAA March
Madness.! We use the output from these meth-
ods as our initial parent population. Some methods
used are Massey, Colley, and mHits (Colley, 2002;
Govan et al., 2009; Massey, 1997). As seen in table
1, the initialization truly makes a difference. These
experiments were run using all 347 NCAA Divi-
sion 1 basketball teams.

Init. time (sec) violations
Random 19.6 1,404,783
Best 10 10.3 1,163,143
Worst 10 30.8 1,182,274

Table 1: Runtimes (in seconds) and number of vio-
lations for EO with different initializations

Starting solutions from the Colley, Massey, and
mHITS methods were considered. The number of
violations to hillside form was calculated for each
solution to determine the best and worst 10 solu-
tions. It can be seen that the runtime and number
of violations were both lowest for the best initial-
ization. Although the worst initialization had the
highest runtime, it had better results for the number
of violations than the random initialization. These
results are just preliminary, but suggest that further
work should be done on the sensitivity of the ini-
tialization.

3.2.3. Fitness

The fitness function for EO is the number of viola-
tions to hillside form for the reordered data matrix.
This can be calculated using the same C matrix de-
fined for the BILP in equation 1.

Information about the NCAA March Madness Tour-
nament can be found at http://www.ncaa.com/sports/m-
baskbl/ncaa-m-baskbl-body.html

3.2.4. Offspring

There are two ways to create offspring: mating and
mutating. When considering Darwinian ideas, mat-
ing should take preference over mutating. Mutat-
ing is used as a means to break the population out
of a local optimum. Our algorithm allows the user
to choose both the percentage of time to mate ver-
sus mutate and set the probability density function
(pdf) to determine which mating or mutating algo-
rithm is used most often. All of our experiments
were run with mating set at 85% and a uniform pdf
over each mating and mutating algorithm. Future
work should be performed to determine how these
percentages affect the outcome.

This section presents the mating and mutating al-
gorithms we used for our MVR problem.

1. Mating: These use two or more parent solu-
tions to create one offspring.

(a) Borda Count: To compute the Borda
Count for a particular team, for each par-
ent list and for each team in that list,
count the number of teams that it ranks
above. Sum this for each list.

(b) Average Rank: This method uses exactly
two parent solutions. It averages the cor-
responding entries then ranks these aver-
ages.

2. Mutating: These use one parent solution to
create one offspring.

(a) Flip: Randomly choose two teams and
flip their positions.

(b) Insert: Randomly choose a team and put
it in a different location.

(c) Displace: Choose a group of teams and
put them in a different location.

(d) Reverse: Choose a group of teams and
reverse their order.

After an offspring is formed, the fitness of that off-
spring is checked. If the fitness is better than the fit-
ness of the worst parent solution, the offspring be-
comes part of the parent population and the worst
parent is kicked out. This allows for the popula-
tion to always be moving toward improving hillside
form.

3.2.5. Stopping Criteria

Texts suggest many different ways to select a stop-
ping criteria (Fogel and Michalewicz, 2004). Our
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EO algorithm uses the average change of the av-
erage fitness of the parent population. Every time
a new offspring is added to the population, the av-
erage fitness is calculated. We then calculate the
average change of these fitness values. The user
sets a tolerance level for the average change to fall
below. To allow the algorithm ample chance to es-
cape a local minimum, the average fitness change
has to fall below this tolerance level five times in a
row in order for the algorithm to stop. Upon termi-
nation, the best parent solution in the population is
the ranking.

Figure 1 gives a global view of the EO algorithm
applied to the MVR problem.

3.3. Summary of EO for the MVR problem

We pause to consider the pros and cons of EO
when compared to the alternative solution tech-
niques from mathematical programming, described
in Section 2. Pros:

e EO is easy to understand and requires no spe-
cialized knowledge of mathematical program-
ming.

e EO is easy to code and requires no specialized
industrial software.?

e EO is flexible and adaptable. For instance,
a user can easily implement multi-objective
functions or secondary or tertiary objectives
by changing the fitness function.

e EO can handle big datasets because it scales
up well and can be parallelized.

e Early termination of an EO algorithm gives
meaningful results that are at least locally op-
timal.

Cons:

e The EO solution is usually only locally opti-
mal. Unlike the mathematical programming
methods of Section 2, there is no guarantee
that the solution is globally optimal or within
some percentage of globally optimal.

20ur EO code for the MVR problem is available upon
email request.

Program Approaches

e No sensitivity analysis is available with the
EO method.

However, it is possible to use the EO solution to
initialize or provide good bounds for the mathemat-
ical programming methods, thereby greatly reduc-
ing their runtimes, and enabling optimality guaran-
tees and sensitivity analysis.

4. Small Example of EO vs. BILP

For this section, we will use the 2009-2010 South-
ern Conference (SoCon) Men’s Basketball data.
For this dataset, a total of 119 games were played
with each team playing every other team approxi-
mately twice. The results shown use the Davg data
matrix formulation. The heights of each of the bars
in the pictures represent the magnitude of the entry
in the matrix. The top plot shows the matrix re-
ordered with the SoCon actual standings, the mid-
dle plot shows the matrix reordered with the results
from EO and the bottom plot shows the matrix re-
ordered with the results from the BILP. For the EO,
only one initialization was used with results from
Massey, Colley, and mHits, and all types of mating
and mutating described in Section 3 were used. Ac-
companying these plots are tables with the results.

SoCon Standings

Wofford
College of Charleston
Appalachian State
Western Carolina
Davidson
Citadel
Furman
Chattanooga
GA Southern
UNC - Greensboro

Samford

Elon

Wofford
Appalachian State
College of Charleston
Western Carolina
Citadel
Furman
Davidson
UNC - Greensboro
Elon
Chattanooga
GA Southern

Samford
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BILP Results

Wofford
Appalachian State
o ~ College of Charleston
Western Carolina

Citadel

Furman

Davidson
UNC - Greensboro

Elon
Chattanooga
Samford
GA Southern

Figure 2: SoCon Standings, EO Results, and BILP
Results on 2009-2010 SoCon data.

You will notice that the EO and BILP differ only in
the last two teams. What is interesting about this is
that the number of violations found for both the EO
and BILP is 436. Since both of the optimal values
were the same, but the rankings were different, we
know there must be multiple optimal solutions for
this SoCon example.

5. Large Experiments

This section explores some larger examples for
both EO and BILP.

5.1. Datasets of Varying Size

We tested the runtime and number of violations for
data sets of different sizes for each of the algo-
rithms. The first dataset used is all of the data from
the 2009 - 2010 NCAA Division I basketball sea-
son with 347 total teams. The second dataset is all
of the data from the 2009 NCAA football season
with 634 total teams. The third dataset is all of the
data from the 2009 - 2010 NCAA basketball sea-
son with 1041 total teams. The fourth dataset is all
of the data from the 2009 - 2010 college basketball
season with 2034 total teams. The runtimes in the
table are in minutes.

EO BILP/LP
n time violations | time violations
347 35 1,161,919 .66 1,147,912
634 4.2 2,054,127 106.8 1,538,490
1041 | 14.2 11,412,879 1343.8 9,311,502
2034 | 21.3 42,109,102 - -

Table 2: Runtimes (in minutes) and number of vio-
lations for EO vs. BILP for problems of increasing
size

Here we note some observations from Table 2.

e The EO number of violations for the n = 347
example is within 1.22% of the optimal BILP
number of violations.

e The BILP took almost 10 times the amount of
minutes to run for the n = 1041 example. The
results are much better for the BILP, but one
must consider the time factor in determining
which algorithm to use.

e The BILP was allowed to run for 24 hours on
the n = 2034 example and did not obtain a
solution. We stopped the algorithm as the time
was so much greater than that for the EO.

5.2. March Madness

Both of these methods have been used to predict
winners in each game of the Division I NCAA
Men’s basketball tournament, which is often called
March Madness, in American College basketball
for the past two years. Before the tournament be-
gins, many fans complete brackets predicting win-
ners of each tournament game. Once the tourna-
ment begins, each correct prediction in a bracket
accrues points. As such, a pool of brackets can
be formed and compete for the highest score. A
popular online pool is the ESPN Tournament Chal-
lenge where over 4 million submissions were sub-
mitted for the 2009-2010 tournament. In this on-
line pool, the brackets are scored so that correct
guesses in later rounds earn the fan more points out
of the total 1920 points possible. The following
table shows results of using the various data matri-
ces and methods to predict March Madness Games.
The final column gives the percentile ranking for
the corresponding ESPN score. For example, the
EO Pavg method with ESPN score of 930 scored
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above 93.3% of the over 4 million brackets submit-
ted by fans.

Method ESPN Score | Percentile
EO Pavg 930 93.3
EO Psum 930 93.3
EO Rankagg 910 92.9
BILP Rankagg 900 92.7
EO Diffavg 850 90.9
EO Davg 780 86.7
EO Diffsum 750 84.1
EO Dsum 740 83.2
BILP Pavg 710 80.1
BILP Dsum 700 78.9
BILP Diffsum 660 72.2
BILP Diffavg 650 69.9
BILP Davg 570 44.2
BILP Psum 480 15.8

Table 3: Table of March Madness Results

Let us note some observations from the table:

e QOverall, the EO brackets did much better than
the BILP brackets. The 2009 - 2010 season
was filled with many upsets. This may provide
areason why the local solutions of the EO bet-
ter predicted the tournament. However, this is
a very intriguing result that will need further
investigation.

e The P and Rankagg data matrices performed
the best.

o Almost all of the submissions were above the
50" percentile of all brackets submitted.

6. Conclusions

This paper presents two equivalent, but different
methods to solve the MVR problem. EO has a
simple structure and can handle large datasets, but
it gives a heuristic, often locally optimal value.
The binary integer linear program gives a global
optimum and can be converted to an LP which
helps with multiple optimal solutions and sensitiv-
ity analysis, but has a lot of constraints that signifi-
cantly affect the run time.

Our EO algorithm has become much more sophisti-
cated since we began this research; however, there

Program Approaches

is more work that can be done. We need to up-
date our code using the definition of the C matrix
to count the number of violations to hillside form.
This should decrease the runtime. We can also do
analysis for each of the mating and mutating algo-
rithms to determine which lead to quicker conver-
gence. Finally, there is a lot of user choice involved
in initializing the algorithm. There are multiple
ways to do this using rankings from other meth-
ods or preprocessing the data itself. We believe
that the EO algorithm can become a competitive
method for ranking sports teams.
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Abstract

In tennis the serve can be a most powerful weapiever in badminton, the serve holds a much lower
advantage in comparison to tennis, and for manyepta yields a net disadvantage. Badminton’s most
common service used is a short serve requiringracguas opposed to a long serve requiring poweis i5
because badminton does not allow for the advantdga second serve on fault of the first, someway
explaining the conservative nature of serving, é&md success probabilities. The short serve allokes t
receiver to gain the advantage, putting the saumeler pressure on the third shot. In this work,deeelop a
model to ascertain whether a player should be gakirhigh or low risk serve. Using Bayesian modeis,
hypothesize how a player’'s performance could béropéd conditional on the state of the match ingpess.
Practical implications for players are discussedemythat the rules of badminton allow for coacteiaention
during a match in progress.

Keywords Badminton, risk taking, coach intervention, Markohain

1. INTRODUCTION linear one. Therefore it may not always be optimal
to use a ‘hard’ first serve and a ‘soft’ secondveer
There are currently three racket sports playedhat t Some players may benefit from taking risky firstian
Olympic Games: tennis and table tennis (which havesecond serves, while others may improve results by
been played since 1988) and badminton (sinceplaying both serves safely. Unlike tennis, only one
1992). Tennis enjoys world wide popularity, whilst fault is allowed in badminton, and players gengrall
table tennis and badminton are predominatelyrely on a low risk short serve, which requires
popular in Asia and Europe. Olympic Sports haveaccuracy, rather than a long serve that requires
the highest recognition amongst the vast number opower (Edwards et al., 2005). Badminton players
competitive sports that now exist, and as awill generally perform better by constantly using a
consequence Badminton Australia are interested idow risk serve, rather than a high risk serve.
many areas of science (including mathematics) toHowever, a common strategy amongst players is to
potentially improve player performance in occasionally use a high risk serve to catch the
badminton. opponent off-guard and possibly force them in to
making a poor return. This type of strategy hasmbee
It has been shown in tennis (Barnett et al., 2008) analysed in tennis using a game theory approach, in
against certain opponents on specific surfaceswhich the expectations of the opponent are taken
players could possibly increase their chances ofinto consideration (Hannan, 1976). In this research
winning a point by taking more risk on the second we analyse the strategy of when to use an occdsiona
serve. Pollard (2008) considered this problem andhigh risk serve throughout a match in progress to
found that the range of risk in men’s singles tenni potentially enhance player performance. The
serves fall into a quadratic relationship rathemtla ~ concept of importance (Morris, 1977) and Bayesian
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models (Carlin and Louis, 2000) are used in thisSy(a,b) = $(a,b) =0, if b=21 and €19 or (a,b) =
analysis. Given the rules of badminton allow for (20,22), (21,23), (22,24), (23,25), (24,26), (25,27
coaching intervention during play, this createsagre (26,28), (27,29), (28,30), (29,30)
opportunities for live data collection, computer S,(29,29) = p
analysis, and intervention which could greatly stssi  Sz(29,29) = 1-p
in improving player performance.

3.2 Probability of winning a match

2. THE GAME Given the match of badminton is the best-of-three
games, the outcomes are simple to ascertain. het m
A badminton match is decided through the best-of-and ng represent the probabilities of player A
three games. A game can be won only once the scorinning a match when player A and player B are
reaches 21 points. If a player reaches 21 andas twserving first in the match respectively. For nataél
points or more ahead, they win the game. If thesimplicity, let $(0,0)=5 and $(0,0)=g . Table 1
score reaches 20-20, play continues until one playeexhibits the probabilities of player A winning a
has obtained a two point lead and is the winner. Ifmatch for the different game outcomes for when
the score reaches 29-29, the winner of the nexitpoi player A and player B are serving first in the rhatc
wins the game. A toss of the coin allows a plager t
choose the end that they wish to play and whether TGame Player A Player B
serve or receive. The player who wins the pointgy tcome serving first | serving first
takes serve and thus continues into the followingyyyy Sa Sa S5a
game, with points capable of being won on either @\ 5a (1-5)% $(15)%
players serve or return of serve. Badminton rulgs ya\y (1-5)%5% (1- )55
aII(_)w for only one sgrvige; if a fault is servetiet Table 1: Probabilities of player A winning a wotat
point and service is immediately won by the for the different set outcomes
opponent.

It follows from the table that

3. MARKOV CHAIN MODEL , ,
Ma= 547+ 298 — 255
Let us consider the possible outcomes of both thd"s= %"+ 258~ 255

game (known as a set in tennis) and winning 4Table 2 exhibits the probabilities of player A

match. winning a game and match for different values of p
and g, and for both player A and player B serving
3.1 Probability of winning a game first. It can be observed from the table that whgn

and  are greater than 0.5, it is an advantage to

Firstly, to the probability of winning a game. Lt  serve first in the match. Similarly, when pnd p
and [ represent the constant probabilities of playerare less than 0.5, it is an advantage to receiseifi
A and player B winning a point on serve. La(&gb)  the match.

and $(a,b) represent the conditional probabilities of

player A winning a game, conditional on the point

score (a,b), for player A serving and player B

serving respectively. These probabilities can be

obtained recursively as follows:

Sa(a,b) = pSa(atl,b) + (1- p)Se(a,b+1)
Se(a,b) = pSs(a,b+1) + (1- p)Sa(atl,b)
The boundary values are:

Pa Ps Sa $ Ma Mg
Sa(a,b) = $(a,b) = 1 ifa=21 and 619 or (a,b) = 0.46 | 0.46 0.495 0.50p 0.4%7 0.5P3
(28,26), (29,27), (30,28), (30,29) 0.50 | 0.46| 0.602 0.60f 0.653 0.6p6

0.52 | 0.46| 0.653 0.65p 0.723 0.7R5
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0.48 | 0.48| 0.497 0.508 0.499 0.501 4., STRATEGIES

0.50 | 0.48| 0.551 0.554 0.578 0.5[(9

052 ] 0.48| 0.604 0604 0654 0.6b4 We consider a series of strategies to employ wailst
0.50 | 0.50] 0.500 0.50p 0.500 0.5p0 match is in progress.

0.52 | 0.50| 0.554 0.5501 0.579 0.5[(8

0.52 | 0.52| 0503 0.49F 0.501 0.4p9 4.1 Strategy 1 — game theory approach

Table 2: Probabilities of player A winning a game ) ) ] ) )
and match for different values of gnd g, and for As stated in the introduction, badminton playerl wi

both player A and player B serving first. generally perform better b_y co_nstantly using a low
risk serve, rather than a high risk serve. Howeaer,
3.3 Mean number of points in a game common strategy amongst players is to occasionally

use a high risk serve to catch the opponent offeyua

Let Ex(a,b) and E(a,b) represent the mean number and possibly catch them in to making a poor return.
of points remaining in a game conditional on the . )
point score (a,b) for player A and player B serving Consider the following between player A (server)

respectively. These probabilities can be obtained®nd player B (receiver)

recursively as follows: a - player A serves low risk and player B is
expecting a low risk serve

Ea(a,b) = 1+ Ex(a+1,b) + (1- p) Es(a,b+1) b - player A serves low risk and player B is

Es(a,b) = 1+p Es(a,b+1) + (1- p) Ea(a+1,b) expecting a high risk serve _
c - player A serves high risk and player B is

The boundary values are: expecting a low risk serve

Ea(a,b) = B(a,b) = 0, if a=21 and 19 or b=21 and d - plgyer A serves high risk and player B is
a<19 or (ab) = (22,20), (23,21), (24,22), (25,23), €xpecting a high risk serve ,
(26,24), (27,25), (28,26), (29,27), (30,28), (20,22 Based on the above it is reasonable to assign
(21,23), (22,24), (23,25), (24,26), (25,27), (26,28 probabilities to the outcomes of a, b, ¢ and d with

(27,29), (28,30) condition that d < a < ¢ < b. An example is given i
EA(29,29) = E(29,29) = 1 table 3 below in a game theory matrix.
These derivations provide additional interest fo oxbecied IIDol\?vveeprected Fiom
both players and coaches during a match in progress risE serve risE serve g
low risk
3.4 Importance of a point to winning a game < | serve 0.55 0.60
o ——
Let Ia(a,b) and 4(a,b) represent the importance of & 2 | high risk
point to winning a game when player A and player B @ | serve 0.57 0.45

are serving respectively. A(B,b) and d(a.b) are 3473 Game theory matrix of how much risk to
defined by Morris (1977) and can be obtained aStake on serve in badminton

follows:

Solving this two-person zero-sum game with the
Minimax theorem gives mixed strategies for player

. A of 0.706 low risk serve, 0.294 high risk serve an
Note that A(a,b) = b(a,b) as a result of the rotation ¢, player B of 0.882 expecting a low risk serve,

of serve in bgdm!nton. This ’result does not ocaur i 0.118 expecting a high risk serve.
a set of tennis since player’s alternate servehat t

end of each game. It can be shown th@29,29) = | o p. represent the proportion of time that player i

18(29,29) = 1 since the next point decides the winnergaes a low risk serve for the match and lat p

of the game, and ther_efo_re represents the h'gheﬁjepresent the proportion of time that player i esra

level of importance to winning the game. high risk serve for the match. It follows that p pu
=1, given they cover all scenarios. From the exampl
above p=0.706 and p=0.294.

Ia(a,b) = k(a,b) = A(a+1,b) — §(a,b+1)
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dnj = percentage of points won on high risk serves
According to game theory analysis, this proportion (conditional) for player i, for when player i meets
of high risk serves should be randomized. Befoee th player j
player serves, the coach could signal to the played; = percentage of points won on low risk serves
what type of serve they should use, through a(unconditional) for player i, for when player i ntge
computer based selection. player j

Chs—average percentage (all players) of points won
This form of game theory can also be applied toon return of high risk serves (conditional)
tennis. For example, even though a tennis playerc,=average percentage (all players) of points won on
may perform better overall by serving high risk on return of low risk serves (unconditional)
the first and low risk on the second serve, rathan
a high risk on both the first and second, a plaway  The following assumptions are given; & a; by >
further improve their performance by serving a high by, Gy < Gi, thj > dj, Ghij = bni- Gy + Giaand
risk second serve a proportion of the time as ad;=bi—Gj+ Ga
‘surprise’ factor. Game theory analysis could

determine the proportion of time that a player $thou The following two serving strategies are defined:
serve out wide, down the line and into the body. strategy 1 — high risk serve followed by a higtkris
Game theory analysis could also determine whalggrye

proportion of the time that a player should be serv strategy 2 — high risk serve followed by a low risk
and-volleying. serve

4.2 Strategy 2 — risk importance The percentage of points won on serve by player i
by using each strategy is:

It is convenient to analyse tennis for devisingkris Strategy 1 —@* dyj + (1- ;) * an * dy;

strategies that depend on the level of importanceStrategy 2 —@* dy; + (1- &) * djj;

and then establish the connection to badminton. Thus, player i should use Strategy 1 (two high risk
serves) rather than Strategy 2 if

It has been established in tennis that the mores, * dyj + (1- @) * @ * dnj> @y * dnj + (1- &) * dj;

important the point, the lower the probability thiad and this inequality simplifies tayet dn;j > dj;

server wins the point (Klaassen and Magnus, 2001).

The model developed in Barnett et al. (2008) andThe following is developed to determine if the

Pollard et al. (2009), is used to determine if theserver can increase their chances of winning atpoin

server can increase their chances of winning atpoinby serving high risk on the second serve, conditfion

by serving high risk on the second serve. on the “importance” of the point. We will assume
that the server’'s probability of winning a point on

The following definitions are given for each type o serve is affected only by serving low or high raak

serve: the second serve.

A high risk serve is a typical first serve by each

player The percentage of points won on serve by player i
A low risk serve is a typical second serve by eachby using a high risk first serve and a low riskaset
player serve is given by:

8 * dpj + (1- @) * dy
Let:
an = percentage of high risk serves in play for ptaye The superscript ” is used as the server’s prolabili
i of winning a point on a low risk serve is now
b, = percentage of points won on high risk servesconditional on the “importance” of the point.

(conditional on them being ‘in’) for player i From above, dff= b\ — Gj+ Ga

b; = percentage of points won on low risk serves

(unconditional) for player i The following result follows from Klaassen and
cni = percentage of points won on return of high risk Magnus (2001), where it was established that a
serves (conditional) for player i server's probability of winning a point decreases
¢; = percentage of points won on return of low risk with the more “important points”. Given two score
serves (unconditional) for player i lines in tennis xand x, if the “importance” at score

line x, is greater than the “importance” at score line
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X, then bf and consequently g*is lesser at score that player i should be using a high risk serve for
line x; than score line x different values of ¥n, and M, given p(a,b)= 0.2

and n =5. Due to the “small” sample size which
Player i should use Strategy 1 (two high risk sgyrve occurs in the first game of the match, it would
rather than Strategy 2 ifaf dy; > d?;. Thisis  appear logical that more weighting should be given
evidence to suggest that the server would betowards g(a,b) initially, whereas towards the end of
encouraged to take more risk on the morethe match more weighting should be given to the
“important” points. actual values that occurred during the match. For

this reason M=75 appears to be a more reasonable
Using the above information, we make the following weighting parameter at the start of the match
suggestion as a strategy that could be used insmen(compared with M=40), whereas M=40 could
badminton:More high risk serves should occur on possibly be a more reasonable weighting parameter
the more “important” points, and less often on the towards the end of the match. One method to
lesser “important” points. overcome this problem is to let;Mepresent the

expected number of serves remaining in the match
Let p.(a,b) be the proportion of time that player i for player i, where Mcan be obtained from the
serves a low risk serve at point score (a,b) abhd leMarkov Chain model in section 3.
pin(a,b)be the proportion of time that player i serves

a high risk serve at point score (a,b). The folloyvi on
is discussed based on a game of tennis, to gainy;/n, M=40 | M=75
insight to obtaining values for, fa,b) and p(a,b). 0 0.18 0.19

The average importance of a point to winning a 1/5 0.20 0.20
game in tennis gl), as defined by Morris (1977), is[ 2/5 0.22 0.21
given as Ay=N/L where N=dS(0,0)/dp, = mean 3/5 0.24 0.23
number of points in a game of tenni§0,0) 4/5 027 024
represents the probability that the server will #ia 1 0.29 025
game at point score (0,0) and p represents t
probability that the server wins a point. The
following formula is intuitive
px(a,b)=[l(a,b)/h/]pn- Note that a game of
badminton requires two parameters and therefore a

generalized expression for average importance i% CONCLUSIONS
required. '

"table 4: The updated proportion of time that player
should be using a high risk serve for differenuesl
of Yi/n, and M, given p(a,b)= 0.2 and p=5.

In this paper, we outline the simple method of
4.2 Strategy 3 — Bayesian evaluation of success probabilities recursivelpnkr

this, game and match success probabilities are
The proportion of time that a player takes a high a evaluated, thereby assisting in the basic merits of
low risk serve can be updated based on the initiadiffering types of serving strengths. From thigeth
proportions and what has occurred during the matcHevels of strategies have been identified in theepa
using Bayesian analysis. Consider the binomialas potential ways to increase player performance.
distribution, with Y the number of events in n Strategy 1 is a relatively simple game theory
independent trials, and p the event probabilitye Th approach to determine when a player should use a
sampling distribution is defined as P(Y =y | i)G; high risk serve, with a clear element of surprise
0”(1-0)™. The posterior distribution of p given Y is approach. Strategy 2 is an extension of Strategy 1.
calculated in Carlin and Louis (2000), and is By identifying that more high risk serves should
Beta(a,b) with mea@” = M / (M+n) g +n / (M+n)  occur on the more “important” points and less often
(Y/n), where M=a+b, p = al/(a+b). Let present on the lesser “important” points, the adjustment
the number of points served by player;i-py(a,b), allows for a more specific approach to success.
Y/n; = the actual percentage of points won on a highStrategy 3 uses Bayesian analysis to update the
risk serve by player i, and M = weighting parameter initial estimates based on what has occurred during
Table 4 represents the updated proportion of timethe match, and attempts to optimize in-the-run
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performance based on current information. All of
these strategies can be implemented in a live match
since the rules of badminton allow for coaching
intervention during play, and thereby offer teclahic
approaches to success not normally possible irr othe
racquet sports.
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Abstract

In this work we look at the optimal criteria fokiag a long (risky) serve in badminton. A simulatimodel is
built and describes the process in determining witeerexecute a serve based upon point importance.
Importance is the likelihood of winning a game giy®u succeed in the next point, against winnirggaae
given you do not win the next point. By considerthifferent types of player serve and return comibimes,

we explore the variations in game probabilitiesaszertain the ideal time to execute a risky seoveehch
approach.

Whilst many racquet sports are able to be domind&tgdlayers with the best serve, this is untrue for
badminton, where the serve is not perceived agslaaniage as in tennis, especially as badmintors denot
allow for a second serve in case of fault on tist.fiBadminton players opt for a ‘safe’ short seower a
‘risky’ long serve. In most cases, the need forghever to get the shuttle in play immediately kssim the
advantage of the receiver, and pressure for theesem the third shot. The rule developed in thepey
identifies when ‘high risk’, or long serves, andwl risk’, or short serves, should be played duanmatch.
Practical implications for this work are possiliiesen that the rules of badminton allow for coaateivention
during a match in progress.

Keywords: Badminton, serve, strategy, importance, simutatio

1. INTRODUCTION aim of a player to make the shuttle fall to ground
Badminton is the world’s fastest racquet sport.AVit within the bounds of the opposition’'s court. A
smashes in-play reaching over 300 km/h, it easilypadminton match is decided through the best-of-
surpasses tennis’ fastest recorded shot (a servehree games. If a player reaches 21 and is twa$oin
currently held by Andy Roddick, at 246 km/h. or more ahead, they win the game. If the score
Badminton is both a popular recreational game andeaches 20-20, play continues until one player has
professional sport. Unlike tennis, badminton is obtained a two point lead and is then declared the
especially strong in Asia. The Asian nations of winner. If the score reaches 29-29, the winner of
China, South Korea, Indonesia and Malaysianext point wins the game. A toss of the coin allawvs
dominate the Olympic medal count, and, at time ofplayer to choose the end that they wish to play and
publishing, held 23 of 24 gold medals; 21 of 24 whether to serve or receive. The player who wies th
silver medals and 25 of 28 bronze medals (69 of 76oint takes serve and thus continues into the
in total). Of the 63 nations to have competed forfollowing point, with points capable of being won o
medals, only seven have medalled. either a players serve or return of serve. Badminto
Badminton competition comprises five forms; men’s rules allow for only one service; if a fault is ged,

and women’s singles, men’s and women'’s doubleghe point and service is immediately awarded to the
and mixed doubles. It is played on a rectangularopponent.

court marked with both singles and doubles lines. ATwo types of serve are utilised in badminton. These
1.52 metre high net separates the players and are the short serve and the long serve. Edwards,
shuttle is hit back and forth between players wihh ~ Lindsay and Waterhouse (2005) describe the short
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serve as requiring “minimal strength and speed, inserve-return levels to determine the best time to
order to get the shuttle to ‘float over the netbithe  execute a risky serve.

service box”, and the long serve as requiring “spee

and strength, to be able to put the shuttle high an2. METHOD

down the centre of the line and to fall verticadly |, order to compare the success rate of different
the back of the court”. Unlike tennis, no fault® ar |evels of importance, we first need to define the
allowed in badminton, and the point is immediately nethods used to ascertain the probabilities of
lost. Players generally rely on a low risk shorvee  winning a game. This process was detailed in
as seen in Figure 1A, rather than a long serve agrevious work Bedford, Barnett and Ladds (2010),

shown in Figure 1B. and is covered here in brief.
Let pyand Py represent the constant probabilities
X of player A and player B winning a point on serve,
1 Ly Ll and we assume that these probabilities are

independent and identically distributed.
Let S,(a,b)= P(Awin game|(a, b)D Aserve) and
Sg(a,b) = P(Avvin game| (a, b)D Bserve) represent
(D, the conditional probabilities of player A winning a
. game, conditional on the point scof@,b), for
@) player A serving and player B serving respectively.
; These probabilities can be obtained recursively
using (1) and (2) as follows:
Sa(@b) = p,S,(a+1b)+(A-p,)S;(@b+1) (1)

Sz (ab) = pSs(ab+D+ (1~ pg)Ss(a+lb) (2)

The boundary values require definition, specific on
o the possible states of the match prior to game
Serve Trajectories termination. The first boundary condition (game

Figure 1B. ‘Risky’ Long serve trajectories (1) used e A
doubles and (2) in singles. won byA) is given by
Sa(ab)=S;(ab) =1 (3)

Current trends in men’s singles badminton playersynere @ b)o (21 y),and y <19 or (a,b)0(x,y)
reveal that a long serve is used for only 5% of all (22< x<30)n (x-y =2)or x =30y = 29
serves, although in the women’s game it is useld wit such that"== y Y
greater frequency. These serves have different useshe second boundary condition (game worBbis
in matches. In singles, the long serve is used whemjiven by

Serve Trajectory

Figure 1A. ‘Safe’ Short serve trajectory

1 1 qR]

the desire is to push your player into the bacthef _ _
court. This will open up the court, however if that Sa(@b) =S, (ab)=0 “)
player is a strong attacker, this provides thenhwit where (a,b)0 (x21),wherex <19 or

the opportunity to obtain an advantage. In doubles,a,b) (x, y)
this serve is used even less. The short serve iis mo

commonly used at the highest level as players are22< y<30n y—x=2o0r y=30,x=29.
typically strong attackers. Badminton players will +1a thirg boundary state is given by

generally perform better by constantly using a low

risk serve, and strategically using a high riskveer Sa 2929 = p, (%)
sparingly. The dilemma remains as to when toThe final boundary state is given by

choose to execute a high risk serve. Pollard (2@08) _

one of many papers in tennis looking at service S (2929 =1-ps 6)
strategy. Utilising equations (1) and (2) from (3) through,(6
In this paper we utilise simultaneous simulation atwe can essentially fill-in the probability of wimg a
fours levels of point importance by four different

such that
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game conditional on the current server and pointFrom Table 1 we arrive at the following inputs for
score of the game at any point in the game. the simulation as detailed in Table 2.

Scen.1  Scen. 2 Scen.3  Scen. 4

2.1 Importance

It has been established in tennis that the more Pa 0.50 0.42 0.35 0.27
important the point, the lower the probability thize
server wins the point (Klaassen and Magnus, 2001). Ps 0.50 0.41 0.36 0.48

It has also been shown that in tennis, at game and
break point, men take extra risks on their servét an
more important points occur at break points.

Following on from the definition of importance in Ri;k _ _ _
Morris (1977), an important point is determined by A risk here is defined as executing a long seriss a
_ _ referred to as a high risk shot. We assume that it
! (a, b) - SA(a+lb) SB(a’b+1) () only completed by player A, as this is the player,
Every combination of points has an importance practise, who will be coached to take a risk, based
associated with it, and typically the closer thenga on this research. In our simulation, taking a risk

Table 2. Simulation inputs.

the greater the importance. increases a player's probability of winning a point
In this case, a risk improvement of .45 is added
Probability of winning on serve when the player first plays a long serve. Aftersthi

the improvement reduces each time a long serve is
played by .05, making the shot redundant aftergusin
it nine times.

Probabilities of winning on serve, with the excepti
of top level players, are typically lower than when
receiving. In this work, we assume the probability
that player A will win on serve is also dependemt o The increase of .45 typically guarantees that Rlaye
the probability that player B will win on return. A will win their serve when playing a risky server f

For each point, we need to determine who is servingthoig:ﬁggms ) Ttrr:?e tliTne ct?t:ri(ceguzi‘ t?ﬁensnlg(fesé?n t
and use a standardised probability set for whes A i 9 y P point.

serving and B is receiving, or when B is serving an _However one must con5|d_er what that level of
h - importance is before executing such a serve, hence
Ais receiving.

our use of simulations.

We used four scenarios in our approach. Therhe yalues in this work are based on evidence
following probabilities were used: collected by the Australian coach, however long

Scen. 1 Scen. 2 Scen. 3 Scen. 4 term player-based analysis is critical to a sudoéss
implementation, and this work forms a basis for
more detailed future modelling.

Sv Rt Sv Rt Sv Rt Sv Rt

A 05 05 05 065 035 08 03 0.65
B 05 05 045 07 045 065 0.6 0.8 Simulation

Table 1. Probabilities of winning on serve (Sv) aeurn e built the simulation in Excel using @Risk. For
(Rt) player A and B every single simulation run, we generate

X; ~U (0D values for all states of the game (i.e. up

From Table 1, we note that scenario 1 is a balance® 59 possible points for 3 games, rarely all né¢de
match, whereby there is no advantage in serving off the seed generated for each poir less than the
receiving. This is not a true representation of aProbability of Player A winning that point (taking

typical player's performance, as most players arelno account if a risky serve is taken) then plaer
slightly better at one or the other. In Scenariovg,  Wins. The simulator was specified so that a single
have the strong return cases, with player A slightl Value fromX; was used for both Risk and No Risk
better server than B, and the reverse in terms of€rves, thereby allowing the best possible direct

receiving. Scenario 3 is the case with a weak serv&€omparison for every point. So we set up a
but strong return for player A, and scenario 4 theSimultaneous simulation to attempt to best deteemin
dominant player B. the net effect. Nonetheless, once a risky serve is

taken, the result of the match is more than likely
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change in some way that negates this approach. Fddne could argue that simulation 3 could be a
example, if the first game is at 17-18, and we suitable criterion for good players against poor
execute a risk, the outcome may change to a win foopponents; and simulation 2 for a more conservative
player A so that the score becomes 18-18. Howeveplayer. Simulation 4 was our testing value as
the no risk simulation may yield a 17-19 score. Importance can never exceed 1.

Thereon in the match is not perfectly matched, @s W a5 5 summary, the method is as follows:

do not then simulate the remaining no risk Versus, (0,0),R=0.45

risk from 18 — 18. Furthermore, there is no T T
conditionality on the success of risks. That is, aForall (a,b)

coach would be reluctant to continually encourage alf 1(a,b)> K thenpawin = max(pa, pa + R); andR=R-
player to execute more risk serves if they all fail 0.05 elseain = pa

A screen shot of the summary window is given in If pawin < X then player A wins point else B wins.
Figure 2. This illustrates the outcome of one gigyre 2 provides a case where two risks are taken
iteration of a simulation. In th|_s example, therigk the final game to win the match.

match (our pseudo-control) yielded a loss to Playe
A in three games, whereas in the risk match (where
risk was taken wheh> 0.25) the match was won. In

r . . .
All simulations were conducted 10,000 times for
each of the four levels &§. Simulation 4, where K =
this match, the final game was won with the 1, was used_to validate the accuracy of the no risk
case. That is, the results were compared to the

execution of two risky serves. ) >
) y ] theoretical values of winning the match (see Bedifor
In this work, we look at setting up the problem and o al.(2010) for these calculations).

exploring some solutions, and leave the overall

general solution for further work There are six possible outcomes for each paired

match simulated in terms of player A. We define the

The Importance values used are as follows: possible outcome of a match within a simulation as
Simulaton 1 2 3 4 follows:
K 01 025 04 1 Let (mNR,mR) describe the outcome of matéh

wherei = 1,..,10000; an8iR = no risks taken ang
= opportunity to take a risk wher-K.

So from this we have the following possible

Table 3. Simulations usinga,b)>K to determine Risky
serve execution for Player A

. ) ) outcomes:
In this work, we ran 16 simulations of 10,000 NR
simultaneous matches (risk v no-risk). Simulation 1 m D{V\lin, Loss}and
is a low importance trigger level of 0.1; this dam mR D{V\An|R,V\An|NR, Loss|R, Loss| NR}.

viewed as executing a serve very early in a game in

order to save a match before it gets away. _ _ _
Simulation 3 might be used if only a match is dire.  The matching of these events is of interest, and we

can obtain the following six feasible pairings:

' RMIT Short Senve Return R?sk _ 0.45
A-serve B-serve A-return B-return Risk reduction  0.05
UNIVERSITY 0.5 0.5 0.5 0.5
Serve Simulator P(A) 0.5 P(B) 0.5 Risk Criteria 0.25
Result Player A Player B A-B Sets Won
No Risk Set 1 18 21 3 0
Set 2 21 17 4 1
Set 3 20 22 2 0
2
Result Player A Player B Risks
Risk Set 1 18 21 -3 0 0
Set 2 21 17 4 0 1
Set 3 21 18 3 2 1

Figure 2: Simulation 2 screenshot of an iteratimmi<f = 0.25, Scenario 1
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P1. (Loss, Loss| R) = Risk but no change Loss match where a loss resulted without risk/ all megch
. _ where a win occurred when a risk was taken; and
P2. (WinWin| R) =Risk but no change Win Ratio = RiskBenfit / RiskCost.
P3. (Loss,Win| R) =Risk changes Loss to Win ] ]
) ) We obtain the following:

P4. (Win,Loss| R) =Risk changes Win to Loss K
PG (Wi W NR)— Wi RiskCost 0 0.090 0.149 0.384

- MW | NR)= Win RiskBenefit 0  0.232 0.269 0.417
The comparisons of interest are those between the ~Ratio - 2.588 1.802 1.085

first four pairings and the final two. The proportal  Taple 5. Costs by Simulation for Scenario 1

sum of all Win and Loss states used in each

simulation should converge to the stationery g in Table 5, K=0.4 yields the best result, with a
probabilities obtained utilising (1) — (6), and f@it  |ower RiskCost than K=0.25 and overall higher

outcomes wheHK =1. ratio. Looking at Figures 3A and 3B we note that
when number of risks = 0, the risk changes lines ar
3. RESULTS 0 as they cannot occur, and No Change L and No

We first consider the outcomes of the matches forChange W denote the proportion of P5 an_d Pé.
From table 4 we note that player A is able to

Scenario 1, when the players are equal in qudfity. increase their chances of winning by taking risks.

TIeD{oEOF\)/\/erlgptgbles, Win = P2 + P3 + P6, and Loss Figures 3.1A — 3.1B display the proportion of not
- ’ only the No Change (P1 + P5 and P2 + P6) but Risk
Changes L to W (P3) and Risk Changes W to L (P4)

3.1 Scenario 1 for scenario 1 with K =.25

As seen in Table 4, great improvement is yielded
(againstK = 1) whenK = 0.25 and 0.4, with smaller 1.0
improvement foK = 0.1.

—— Risk Changes L to W — Risk Changes W to *

K 0.8 - - -No Change L - - -No Change W
Outcome 1 0.4 0.25 0.1 .. 06
Win 0.500 0.624 0.623 0.565 5 oI e
Loss 0.500 0.376 0.377 0.435 § ..........

©
N}

o
o

Table 4. Probability of win/loss by Simulation for

Scenario 1 o 1 2 3 4 5 6 7 8 9
Number of risks

Figure 3.1A. Probability of winning given numberrigks

Within these simulations, we exhibit the proportion taken for Scenario X = .25

of outcomes by the six pairings graphically. Weyonl
display the 0.25 and 0.4 graphs, as 0.1 yielded a S o )
large amount of undesirable outcomes. Firstly, yver Some similarity is seen in figures 3.1A and 3.1B in
match saw the execution of a risky serve, whidh sti terms of the Changes lines.

improved the outcomes of player A winning, 1.0

— Risk Changes L to W— Risk Changes W to L

however yielded a large number of P4 (1,670 of 0.8 L~ ~NoChange L - - -No Change W
10,000). A basic analysis of the costs for levélK o

is given in Table 5. We first define the following % R

statistics: g 04 e

Let RiskCost = P4/(P4+P1), so the proportion of & o2

Losing matches when a risk was taken paired to a 0.0

match where a win resulted without risk / all 0 1 2 3 4 5 6 7 8 9
matches where a loss occurred when a risk was Number of risks

taken; RiskBenefit = P3/(P3 + P2), the proportién o riq e 3.18. Probability of winning given numberrizks
Winning matches when a risk was taken paired to a taken for Scenario K = .4
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The notable similarity is between the Changes Jines

with matches requiring a high number of risks
yielding a higher proportion of changed results to

the paired match. In a balanced match, the use of

K=0.4 appears the optimal result.

3.2 Scenario 2

In Scenario 2, Player A has a slight advantage over

player B.

As seen in Table 6, player A has a nice advantage

without utilising any risks. This does improve
substantially when any risk is taken, with agaieagr
improvement wherK = 0.25 and 0.4, with smaller
improvement foK = 0.1.

K
Outcome 1 0.4 0.25 0.1
Win 0.539 0.644 0.655 0.602
Loss 0.461 0.356 0.345 0.398

Table 6. Probability of win/loss by Simulation for
Scenario 2
In terms of the specifics of the benefits, we eithib
table 7.

K
Outcome 1 0.4 0.25 0.1
RiskCost 0 0.072 0.151 0.345
RiskBenefit 0 0.243 0.285 0.351
Ratio - 3.389 1.884 1.016

Table 7. Costs by Simulation for Scenario 2

Notably, K = 0.4 returns the highest ratio by some

margin. A look at the specifics fé&¢ = 0.25 and 0.4
are detailed in Figures 3.2A and 3.2B.

1.0
— Risk changes L to W— Risk Changes W to |L
0.8 |- - ~No Change L - - -No Change W
> 0.6
% _______________
8 0.4
[
o 02 | it
0.0
o 1 2 3 4 5 6 7 8 9

Number of risks

Figure 3.2A. Probability of winning given numberrefks
taken for Scenario X = .25
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— Risk changes L to W— Risk Changes W to |L
- --No Change L - - -No Change W

0.6

0.4

Probability

0.2

0.0
4 5 6 7 8 9

Number of risks

Figure 3.2B. Probability of winning given numberrizks
taken for Scenario X = .4

Similarly to Figures 3.1, we sd€ = .4 yield the
higher Change to win. The peak occurs around six
risks.

3.3 Scenario 3

Beginning with a Player A disadvantage, it is
interesting to see that by using risk greatly egban
a players chances.

As seen in Table 8, taking a large number of risks
improves the chances of player A dramatically.

K
Outcome 1 0.4 0.25 0.1
Win 0.469 0.602 0.604 0.549
Loss 0.531 0.398 0.396 0.451

Table 8. Probability of win/loss by Simulation for
Scenario 3

In terms of the specifics of the benefits, we eithib
table 9.

K
Outcome 1 0.4 0.25 0.1
RiskCost 0 0.070 0.175 0.305
RiskBenefit 0 0.272 0.335 0.404
Ratio - 3.898 1916 1.324

Table 9. Costs by Simulation for Scenario 3.

The largest ratio yet is shown in Table 9 (3.898).
Notably the risk cost is near the same as in S@znar
2, with slightly higher benefit. We provide the

detailed plots in figure 3.3A and 3.3B.
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—— Risk changes L to W— Risk Changes W to|L
0.8 - - -No Change L - - -No Change W
2 06
S 04 B AR T
e - ..
a 02
0.0

o 1 2 3 4 5 6 7 8 9
Number of risks

Figure 3.3A. Probability of winning given numberrigks
taken for simulation I = .25

1.0 — Risk changes L to W— Risk Changes W to|L

- - -No Change L - - -No Change W

0.8

06

04 TTee

Probability

0.2 — S

0.0
0 1 2 3 4 5 6 7 8 9
Number of risks

Figure 3.3B. Probability of winning given numberrizks
taken for simulation 3 = .4

Once again, we see in figure 3.3A and 3.3B Kat
.4 delivers better results, with the exception ioen
risks. Overall is performs much better thén.25.

We now look at the final scenario.

3.4 Senario 4

This scenario is of great interest as player A &as
major disadvantage.

As seen in Table 10, taking any risk improves the

chances of player A. This result is not unexpeeted
the chances of

K
Outcome 1 0.4 0.25 0.1
Win 0.039 0.162 0.145 0.081
Loss 0.961 0.838 0.855 0.919

Table 10. Probability of win/loss by Simulation for
Scenario 4

In terms of the specifics of the benefits, we eithib
table 11.
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K
Outcome 1 0.4 0.25 0.1
RiskCost 0 0.004 0.014 0.008
RiskBenefit 0 0.320 0.518 0.531
Ratio - 79.937 37.472 63.742

Table 11. Costs by Simulation for Scenario 4.

The ratios in Table 11 are very large. This is
expected given the very low likelihood of winning.

We provide the detailed plots in Figure 3.4A and
3.4B.

1.0

0.8
— Risk changes L to
> 0.6 | |—Risk Changes W to|L
= - - -No Change L
§ 0.4 | 1... No Change W
o

0.2

0.0

Number of risks

Figure 3.4A. Probability of winning given numberrigks
taken for Scenario & = .25

1.0 —— Risk changes L to W
— Risk Changes W to L
0.8 . ---No Change L
) Tl - - -No Change W
> 06 A
%
S 04
o
& 02
0.0

o 1 2 3 4 5 6 7 8 9
Number of risks

Figure 3.4B. Probability of winning given numberrizks
taken for Scenario £ = .4

3.5 Comparison

The level of the trigger for a long servi€, was
checked at several levels as detailed in Table8.3-1
Each of these levels determined when Player A
would take a risk for all scenarios. Given the 0.25
and 0.4 values clearly the two optimal values, we
plot the number of risks by each of these trigders
Scenario 1.
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Scenariol 5. CONCLUSION

In this research, we demonstrated components of our
simulation model that calculates the likelihood of
winning a badminton game based on importance
levels. In further work, we aim to compare this
method to a simpler both points behind model. This
simply involves counting to see if a player falls
points behind before executing a risky serve. It is
simpler to use points behind given there is no need

—t—PlaycrAK 25 PlayerBK .25  =—d=PlayerAK 4  =s=PlaycrBK .4 fOI’ teChnO|Ogy, although We presume thIS W0u|d
Figure 4. Winning probabilities for number of risks result in taking a large number of risks earlierain
scenario 1 bK = .25 and .4. match.

Nonetheless, we hope to trial this model with some
We note that the results for .4 are at or highanth ©of the athletes, in conjunction with Badminton
.25 for player A, with the exception of 1 risk. Australia, to determine the on-court practicalittds
such an idea.

4. DISCUSSION
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Abstract

In almost all modelling of sports such as tennigjash, badminton, volleyball, ..., it is assumed taint
probabilities are constant, and points are independiathematics has been applied to find suctgthas the
mean and variance of the number of points in thicimahe probability that each player wins the hatnd
other characteristics. Indeed, Miles (1984) devetba very elegant theory of the relative efficierafy
different scoring systems at correctly identifyithg better player, assuming that points were inceget.
However, there is some evidence that in tennigfample this assumption may notdigctly true (Klaassen
& Magnus, 2001; Pollard, Cross & Meyer, 2006). uash when the ‘server only scores’ rule was uied,
was generally accepted that the better of two ptay@uld often ‘lift his/her p-value’ when he/shadhlost the
previous point. The major objective of this resban@s to investigate whether Miles’ work on theoiéhcy
of scoring systems could possibly be extended éontbre general situation in which points are depehah
some manner. Thus, the focus in this paper is erefficiency of scoring systems with one-step delpah
points.

Keywords Correlated points, 1-step dependent points, impogaf a point, play-the-loser, play-the-
winner.

1. INTRODUCTION better of two players ‘lifted’ his/her p-value when
receiving (i.e. having lost the previous point avabk
In almost all mathematical modelling of sports at risk of losing a point, rather than just thehti¢p
scoring systems for various sports, it is assurhatl t serve).
point probabilities are constant, and points areWhilst in some particular sports most players may
independent. For example, Pollard (1983), using anot have the capacity to play in a non-independent
methodology applicable to many sports, found themanner, it may be that some players do have that
mean and variance of the number of points in a bestcapacity (Pollard, 2004). Further, a scoring system
of-three (advantage or tiebreak) sets match ofisenn may be used for (say) two sports, and independence
and evaluated the probability that each player winsmay be a reasonable assumption for one sport but
Miles (1984) developed a very elegant theory of thenot for the other one. For these reasons the agmalys
relative efficiency of different scoring systems, in this paper is of a general nature, and considers
assuming points were independent. families of scoring systems.
There is some evidence that points in tennis ate noMiles (1984) considered the efficiencies of scoring
strictly independent (Klaassen & Magnus, 2001; systems when points were independent. For ‘win-by-
Pollard, Cross & Meyer, 2006). It would appear n' (W,) scoring systems in which player A has a
however that the evidence in tennis is probably notconstant probability p of winning every point
strong enough to seriously question the generalunipoints), it can be shown that the probability
conclusions reached when using the independencplayer A wins, P, and Q (=1 - P) and p satisfy the
assumptions. When the ‘server only scores’ rule wasquations
used in squash, it was generally accepted that thgP—-Q)/u=(p-0q)/n
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(P/Q)=(p/q)"

where q = 1-p. Also, Whas the constant probability
ratio (cpr) property (Pollard, 1992). That is, tatio

of the probability that player A wins in n + 2m
points divided by the probability that he losesiin

2m points (m =0, 1, 2, ...) is constant, and is équa
to P/Q. Using Wn (points) as the family of scoring
systems with unit efficiency, Miles (1984) showed
that the efficiency of a general ‘unipoints’ scarin
system with key characteristics P and p was

_ (P-Q)In(P/Q)

pP=

u(p~a)in(p/q) @
Thus, ignoring the factors involving p (and q),-((P
Q)/W)*In(P/Q) is the measure of relative efficiency
for a unipoints scoring systemgiven underlying
independent points
Miles (1984) also considered systems relevant t
tennis (and volleyball), which he called ‘bipoints’
scoring systems. He assumed that the probabilit
player A (B) wins a point on service ig (m,), and

The Efficiency Of Scoring Systems With Outcome Dependent Points

probability of winning a point by having won (lost)
the previous point.
Example 1 Consider the Wscoring system, which
is the system used in a game of tennis once ‘deuce’
has been reached. With two equal players ard
0.1, the initial point probability is p = 0.5, and
thereafter it is either,p= 0.6 after a point has been
won by player A, or it is p= 0.4 after a point has
been lost by player A. This is a case of ‘positive’
dependency from one point to the next(0). There
are 5 possible ‘live’ states for this scoring syste
(the starting state, +1win, -1loss, Owin and Oloss
using an obvious notation with the win or loss
referring to the previous point outcome for player
A). The importance of a point (Morris, 1977) is
defined as the probability that player A wins under
the scoring system given he wins that point minus
the probability that he wins given he loses thahpo
sing recurrence methods, it turns out that the
importance of each of the above five states, I, is

yequal to 1/(2(1 €)) which equals 5/9 whea = 0.1

(and p = 0.5). Correspondingly, wherr 0.1 (and p

points are ind(_ependent. Noting_ the work of Wald _ 0.5), the importance of every point ins\¢ 5/13,
(1947) and using Wn (point-pairs) as the standardy,g the importance of every point in,\§ 5/17,....

family of scoring systems with unit efficiency,

he A ;
In general, for this ‘unipoints with 1-ste
showed that the efficiency of a general bipoints depegndency’ structure P P

the importances of every

scoring system with key characteristics P and p WaSate in Wn are equal when p = 0.5

given by
o= 2(P-Q)In(P/Q)
H(P, = Py)IN( PG,/ P,T.)

where g=1-pand ¢ =1 - p. Thus, the measure
of relative efficiency is also ((P-Q)/W)*In(P/Q)rfa
bipoints systenwith underlying independent points
Pollard and Pollard (2008) showed that this is also
the measure of relative efficiency for independent
quad-points (tennis doubles).

The major objective of this research was to comside
extending this efficiency measure for unipoints and
bipoints to the more general situation in which
points are one-step dependent.

()

A fundamental equation for scoring systems
Suppose;lis the importance of th& inon-absorbing
state within a scoring system when the players are
equal. Now suppose there is a shift (from the ‘équa
players’ situation) in favour of player A @fin the
‘p-value’ for every point. Then, after this shiR, \,

the expected number of times state i is visitedria
realization of the scoring system; n and, the
proportion of time spent in staterj, satisfy

P=05+> nlo
(P-Q/u=2), 710

for a fair scoring system, where a fair scoringeys
has the property that P = 0.5 for two equal players

Also, if every point in the scoring system is edyal

2. METHODS

Unipoints with dependencies, and the Wn system
Under unipoints with dependencies, player A’s
probability of winning a point is equal tq,F p +¢
after winning the previous point, and is equal te p
p — e after losing the previous point. Heteis the
incremental (decremental) effect on player A's

important when the players are equal, we have
(P-Q)/u=219
a useful equation (Pollard, 1992).

The ‘module’ method for W, systems (n large)
Some complex Wsystems can be decomposed into

smaller independent components called ‘modules’,
which can in turn be analysed to produce values
from which the asymptotic values of P andp can

be derived (Pollard, 1990). This method is useful
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when analysing scoring systems with outcomescoring system SSwith key characteristics ,Pand
dependent probabilities. W, is given byu, / 1, when R = P, we have

Within a W, system, these modules are steps in apn—-1 = (In(P/Q)-In(p,/q,))/In(p,/q)
general one-dimensional walk in discrete time. W W
Using the approach and notation of Cox and Miller 2 =((P—=Q)/ )2+ (q, + B)F/(p,—q)

(1965, p. 46-58), the steps in the random walk, Z —

are mutually independent random variables on thewhere F = In(P/Q) ~In(p /q,) -1 4)

integers ..., -2, -1, 0, 1, 2,... and the moment In(p,,/ )

generating function (mgf) of;4s defined by where p is an expression for the efficiency of a
general unipoints (with dependencies) scoring

f*(0) = ZGXp(— 10)P(Z, =) system with key characteristics P and\ote firstly
j=—oo that this expression reduces to the above expressio

If P(Q) represents the probability of absorption in for the efficiency of unipoints systems (without
states [a, infinity) ((-infinity, -b]), then, negiing ~ dependencies) when, = p = p. Secondly, for large
any excess over the barriers, n, ((jP —tQ)dteI:ds((tg un%})a?d(g?g)m(wlt@larde tljarge,

_ and p tends to - *In multiplied by a
P/Q=(1-exp@b))/(expt-6a) -1 function of the parameters,pand p. Thus, when
when E(2) # 0, whered, is the non-zero solution of comparing the efficiencies of two unipoints (with
the equation ) = 1. For the W scoring system, dependencies) scoring systems with large means, we
we set a and b equal to n. Using this modulesimply need to compare their values of ((P —
approach, the efficiency of scoring system 1; SS Q)/u)*In(P/Q) or their values ofdE(S))/E(D).
relative to S$is given by the ratio Example 2 Consider W with ¢ = 0.1. For two
(61E(S)/E(D)/(6,E(S,)/ E(D,)) unequal players with p = 0.6, 0.7, and p= 0.5,

. I _ . (3)  recurrence relations can be used to show that iplaye
where E(S) is the expected shift (in points) inoiav  ag pronanility of winning is equal to P = 91/134
of player A in the playing of one module, and E(D) o the mean duration is equal to p = 216/67
is the expected number of points played in oneé_s 5539 points. Recalling from Example 1 that the

module (Pollard, 1990). Note that the expressionim ;
o portances | of all the points/states were 5/9 nhe
((P-Q)/)*In(P/Q) converges tOJE(S))/E(D) as n ¢ = 0.1, it can be seen that (P - Q)/ pu = (p - &*

tends to @nfinity. o . . 1/9. Also,p = 0.9821 (a little less than unity as the
The _eff|C|ency of unipoints (with dependencies) first point is a p point rather than g pr p point),
scoring systems and ((P-Q)/n)*In(P/Q) = 0.0833. (When p 7 P p

We firstly set up a family of scoring systems again _ g g d d P-O)/u)*In(P/O) = 0.0811
which the efficiency of any unipoints (with and.p :(nf) ependency), (P-Q)/u)In(P/Q) = 0. ’

dependencies) general scoring system can b%xample 3 Consider the scoring systemsWiith
measured. Noting that the first point with probiypil unequal players (and p = 0.6, § 0.7, and p= 0.5).
p occurs only once, and that the remainder of thégeqrrence  relations or absorbing Markov chain

time player A's probability of winning a point IS ethods can be used to show that player A's
either g, or R, e can consider the scoring system o aility of winning is equal to P = 0.7482 ahe t
family Wy(Wp™, Wy"), where the superscript refers oan - quration is equal to p = 6.4530 points.

to player A's probability of winning the first pdiin - pacalling from Example 1 that the importances were
that section of the scoring system. We considex thi equal to 5/13 when = 0.1, it can be seen that (P -

system not only because it is a natural systerrb)/ U =0.0769 = 1/13 = (p - g)*|. Als@, = 0.9903
against which to compare others, but also becduse L4 ((P-Q)/n)*In(P/Q) = 0.0838, both being slightly
has the cpr property, and this allows a generalygater than their values in Example 2. It follows
formula for efficiency to _be constructed. This gyst W, is slightly more efficient than Win fact, it
has the key characteristics can be shown thap and ((P-Q)/w)*In(P/Q) both
P/Q= (pwzn_lpl)/(q| 2n_1qW) increase as the n in Whcreases. This is related to

the fact that the proportion of the time spentha t
H=2(P-Q)d+(n-1)(q, + p))/(p, —q) initial state gets sFr)naIFI)er as n increases. (VF\)/hernp
Noting that the efficiency of the scoring system SS = p = 0.6 (no dependency) ((P-Q)/u)*In(P/Q) =
with key characteristics ;Pand p, relative to the 0.0811, angb = 1, as above.)



38 The Efficiency Of Scoring Systems With Outcome Dependent Points

Example 4 For the scoring system \Wwith n of duration, and the efficiency of the scoring syst
large), consider the module beginning with @ p Ba.1 Several things are observable, including

point and finishing when the nex, point is about (i) P increases as the dependency (either postive

to be played. This has a ‘geometric’ structure, andnegative) increases

E(D) = pv + (qu(1 - pA))/(pa) which equals 1.6 (i) as expected, u decreases as the dependency

when p, = 0.7 and p= 0.5. Further, E(S) =,p- becomes more positive, and it increases as the
(qwa)/p = 0.4, and so E(S))/E(D) = 1/4. The mgf of dependency becomes more negative

this module is equal topExp(-0) + (q.p)/(1 - (iii) for Bs, the variance increases as the dependency
g*Exp(0)), which when equated to unity giveg= becomes more positive, and it decreases as the

In(p,/q) = 0.3365. It follows that 8*E(S))/E(D) dependency becomes more negative

[the asymptotic version of ((P-Q)/W)*In(P/Q)] is (iv) Exp = (P-Q)/M)*In(P/Q) ang increase as the
equal to 0.0841, and this is slightly bigger thha t dependency becomes more positive, as in the W
values in Examples 2 and 3, as expected. Theystem (see examples 2, 3 and 4)

efficiencyp is obviously equal to unity. (v) Exp = (P-Q)/)*In(P/Q) ang decrease as the
Example 5 Consider W (with n large) for the case dependency becomes more negative, unlike in the
in which the outcome dependency is negative ¢ W, system.

0.1, p =0.6, p= 0.5, and p= 0.7). Here E(S)/E(D) We note that if the family of scoring systems agtin
= 1/6 (smaller than above), whil8g = In(p,/q) = which  the efficiency of unipoints (with
In(0.5/0.3) = 0.5108 (larger than above). The dependencies) is measured was,(W&"", W,"),
efficiency p is obviously unity andeg*E(S))/E(D) = then the efficiency' is ((P-Q)/W)*In(P/Q) times a
0.0851, which is larger than its value in Example 4 function of g, and p. Thus, given two scoring
An interpretation of this slightly higher value systems SSand S$g and (R, p), it is clear that
(0.0851 Vs 0.0841) is, per point played, the negati p(SS) < p(SS) if and only if (B - Q)/u)*In(P/Q,)
dependency situation is slightly more effectiventha < (P,- Q,)/u)*In(P./Qy).

the positive dependency one at identifying thedpett Efficiency of bipoints (with dependencies)

player. When there is no outcome dependency an&uppose player A’s probability of winning a point
pw = p = 0.6, 0.*E(S))/E(D) = 0.0811, which is less when serving is equal to,p= p, + ¢ after winning
than both of the above cases. Thus, for thg W the previous point on service angd p p, — ¢ after
system, both the positive and negative dependenciosing the previous point on service, and playes B’
cases are, per point played, slightly more effectiv  probability of winning a point when serving is efjua
identifying the better player than is the indepem#e  to p,. = p, + € after winning the previous point on
case. That is, the underlying ‘structural variation  service and is equal tq,p= p, — ¢ after losing the
dependency that has been considered in our modedrevious point on service.

actually increases the probability that the betterWe firstly set up a scoring system against whi@h th
player wins (per point played). efficiency of any bipoints with dependencies gehera
Unipoints with dependencies, and the B.; system  scoring system can be measured. Noting that the fir
Table 1 gives the probability that player A wirset a point and the first b point occur only once each,
unconditional and conditional means and variancesand the remainder of the time player A’s probapilit

2 2

SS P,p.p P Uy Gy W o u c Exp Eff,p

B; 0.6,0.6,0.6 0.648 2.4444 0.2469 2.5454 0.247%8 2. 0.2496 0.0728 0.8982
B; 0.6,0.61,0.59 0.6480 2.4352 0.2458 2.5341 0.24387 0.2491 0.0732 0.9015
B; 0.6,0.7,05 0.65 2.3538 0.2286 2.4286 0.24498 2.3 0.2356 0.0780 0.9185
B; 0.6,0.59,0.61 0.6480 2.4537 0.2479 2.5568 0.24B39 0.2499 0.0726 0.8946
B; 0.6,0.5,0.7 0.65 25386 0.2485 2.6571 0.22538 2.50.2436 0.0720 0.8510
Bs 0.6,0.6,0.6 0.6826 3.9873 0.6201 4.2339 0.5829656 0.6213 0.0688 0.8478
Bs 0.6,0.61,0.59 0.6826 3.9704 0.6237 4.2146 0.592P479 0.6266 0.0691 0.8514
Bs 0.6,0.7,0.5 0.6855 3.8155 0.6392 4.0302 0.6658833 0.6573 0.0744 0.8781
Bs 0.6,0.59,0.61 0.6826 4.0042 0.6161 4.2529 0.5728831 0.6156 0.0685 0.8441
Bs 0.6,0.5,0.7 0.6855 4.1539 0.5679 4.4181 0.472237 0.5528 0.0682 0.8055

Table 1: Some characteristics of theaBd B systems with dependent points
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of winning an a point is either,por p,, and player

B’s probability of winning a b point is eitheg.por with an a+ point and using the PL rule. Player B
P.. Wwe can consider the scoring system might win 0, or 1, or 2, or...points until finally
Wi(W(W22, W), Wi(W,™, W), (n = 1, 2, 3, player A wins on an a- point (it is actually on the
...).- We consider this system (even though it isanot point if it is the first point played in the modjle
particularly efficient one) as the basis againsiciwh  This completes the first part of the module, arel th
to compare various other systems because thiast part of the module commences with a b+ point,
system has the cpr property and this allows a géner and the module is completed when B wins a b- point
formula for efficiency to be evaluated. This scgrin (or possibly the very first b+ point). This is show
system consists of two main components. The firstdiagrammatically below, where the points played are
has only a+ and a- points and has the cpr propérty. shown on the first line, and the outcomes of those

can be seen that points are shown directly below on the second line.
— 3 3 /la+ a- a- a-....a-/b+ b- b- b:b-//at

R/Q = (Pa. Pa-) (-0, ) » and BIB B B B..A/AA A A..B/

M =2(FR-Q)a+(q, + p.)/(p. —0,) The geometric distribution is used to analyse this

where R is player A’s probability of winning this medule. Suppose5,) is the shift (or gain) in
first component, and Q= 1 - R. The second POints by player A durln_g the flrst (second) pairt o
component has only b+ and b- points, has the CthIS module. Then the distribution of B given by
property, and has corresponding equations P(S=1) = p+. P(8=0) = QuPa., P(§=-)) = GaiPa-

3 3 +(ga) (i=1,2,3,..),and the mgfs of S; are
P, 7Q, = (Pow Por) /(G Ch)

Ms () = P& +(P,-Qu. ) /(1 - 0,€°) , and
to = 2P~ QA (o * PP = ) " o P
where, reversing the roles of P and Q,i®player Sz( ) = o€ (PG, ) (LG €7).
B’s probability of winning the second component The mgf of S = §+ &, Mg(0), is equal to the
and Q = 1 - B. The probability player A wins under product of these two mgfs, and the expected number
the full scoring system when n = 1, P is equal to  of points played in a module, E(D), is easily
(P1QY)/(P.Q, + QiP,), and the expected duratipn,  evaluated, as is E(S).
is equal to 4 + w)/(1-R,,) where R, is the Example & When p.=0.9, p.= 0.7, g. = 0.7, and
probability each player wins exactly one of the two P»- = 0.5, the equation MP) = 1 givesd = 0.6931,
components, i.e. R = PP, + QQ.. The full scoring  E(S)/E(D) = 1/6 ando¢E(S))/E(D) is 0.1155.
system (with general n) has the cpr property, and  The efficiency of play-the-loser, PL, bipoints

— n (with dependencies) for Wn systems (n small)
P/Q,=(R./Q.,) Example 7 Consider the system MW,(PL?),
M, =n(P, —Q) 1, (P, —Qy,) W,(PL?) with the 3 types of points (initially) for

each player. For two equal players, the pointsate
equally important, and so (P-Q)/u does not have a
‘nice’ value. In fact, when p= 0.8, p. = 0.9, p. =
0.7, =06,p:=0.7,and p = 0.5, (P - Q)/u =
0.0421, p = 20.8514, and P = 0.9388, and so ((P-Q)/
n)*In(P/Q) = 0.1149, a little bit smaller than the

where R is player A’'s probability of winning (for
general n), and is the mean duration. Thus, the
efficiency of a general bipoints (with dependengies
scoring system (with key characteristics P ghts

__(P-QIn(P/Qu, :
P ) value in Example 6 for large n.

(P, - Q) In(p,,/

) H 12 QLZ) (pLz QLZ) The efficiency of play-the-winner, PW, bipoints
Noting thatp,, , (P2 — Qi2), and In(RAQy,) are (with dependencies) for Wn systems (n large)
simply functions of the underlying parametersafic  consider the module commencing with an a- point
be seen thathe relative efficiencies of two scoring i, the first part of the module, and the second phr
systems with this same dependent bipoints structurg,o module commencing with a b- point. Then, for
Cr?” be noted '3(3(/ Sg)?nly( c;)Qn;paring their values foryis pw module, the two relevant mgfs are

the expression ((P-Q)In(P/Q). _ 0 )

The efficiency of play-the-loser bipoints, PL, M,(6) = q,.€” +(p.-0..) /A~ p,.e") and

(with dependencies) for Wn systems (n large) M.(8)=q e+ /1-p. €

The module approach can be used to analyse the 2(6) = G (pb‘qb"? ( ,pb+ ).

W,PL system for n large. Consider a module starting?d the mgf for the module is their product.
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Example 8 When p.=0.9, .= 0.7, p. = 0.7, and
Po. = 0.5, the equation NB)* M () = 1 givesd =
0.2231, E(S)/E(D) = 1/2, and06*E(S))/E(D) =

0.1116, which is a bit smaller than for the PL case
This is expected since we know from published
work on bipoints without dependencies that, whgn p

+ p, > 1, play-the-winner \Wsystems have slightly
smaller efficiencies than play-the-loser, ¥ystems.
The efficiency of play-the-winner, PW, bipoints
(with dependencies) for Wn system (n small)
Example 9 Consider the system MW,(PWY),
W,(PWP)) with the 3 types of points (initially) for
each player. For two equal players, the pointate

The Efficiency Of Scoring Systems With Outcome Dependent Points

M,(6) = (E;E; + E;E;) /(EE, + ESE)))

M.(6) =(EM; +E,)/ E;

M,(6) = ((a,E + hE)IM;)/(-cE;) +
(aE, —d,E)/(-cE)

where E = Cgbz - b3C2, E = Czd3 - C3d2, E; = &g -
Cadp, B4 = Q& - Gy, Es = ¢by - biCy, B = iz - dhCy,
E7 = Ciag- Cdy, Bg = Godi - €10, By = &C3- €185, and
E10 = biCs3- Cibs.

Substituting for M(6), M3(0) and M,(6) in the first
equation, and putting MP) = 1, we can solve fd.
Example 1Q When p. = 0.9, p. = 0.7, g+ = 0.7,

equally important, and so (P-Q)/u does not have &g p = 0.5,0 = 0.4581, E(S)/E(D) = 0.25 and

‘nice’ value. In fact, when p= 0.8, p. = 0.9, p. =
0.7, p = 0.6, g+ = 0.7, and p = 0.5, (P-Q)/n =

(6*E(S))/E(D) = 0.1145, which is a value between
0.1116 (in Example 8) and 0.1155 (Example 6). This

0.0683, p =9.6912, and P = 0.8310, and so ((P-Q)fs not surprising as it is known that for bipoints

W)*In(P/Q) = 0.1088, a bit smaller than 0.1116.
The efficiency of alternating bipoints, AL, (with
dependencies) for Wn systems (n large)

without dependencies when, p p, > 1, play-the-
winner W, systems have slightly smaller efficiencies
than alternating Wsystems, and play-the loser,W

Consider the module approach to AL point-pairs. systems have slightly greater efficiencies than
Suppose the module starts with an (a+, b+) pointgjternating W systems.

(state 1), and continues until the next (a+, b+) isa relationship between the solutions for the PW

about to be played. It is clear that the next shftier

and PL cases (n large)

the start of the module is (a+, b-) (state 2) with The solutiorpp, for the PL module is the solution of

probability p.Qy+, (a+, b+) with probability pp,.

Msi(Bp)MsABp) = 1, and the solutiofpy for the

(and so the module has finished), (a-, b-) (stgte 3p\y module is the solution of Wpw)Ma(0pw) = 1.

with probability q.gp+, and (a-, b+) (state 4) with
probability q.pp.. Now, if Mg(0) is the mgf of the

Surprisingly, it turns out that the$esolutions are
related, and can be obtained by putting®b.)

shift ir_1 favour of player A_du_ring a module, and if equal to M(0pw) and MsA0p) equal to M(0py), and
M;i(0) is the mgf of the shift in favour of player A solving simultaneously fo¥p. anddpy. Putting % =

from state i to the end of the module, we have
M (6) = P,.C.€ °M,(6) + p,. P, +
O Oy M5 (6) + G, P, "M, (6),
M,(6) = P..0, € "M (6) + P, Py +
O G- M 3(6) + G, P, €M, (6),
M;(6) = P, 0, €M, (8) + P, P, +
0,-0,-M;(6) + 0, P, €"M ,(6) ,
M,(6) = PGy, € "M,(8) + PPy +
Oa e M3(6) + 0, Py, €M, (6) .

Omitting 0, the last three equations can be written as

aM,+bM,+cM, =d (=1, 2, 3) where

a=1- Mg-e"*. by =-CnGp-, €1 = -oambéee, dh = PasPo-
[=2) :'pa—Clb—e_ 9' bZ =1- qi-qb-i G :'qa-pb-e iedZ = pd-pb-n
8 =-Palp+€", D3 =-0alo+, G =1 — Gu4€", O = Pafps
It can be shown that

et yi = 1/x, % = €"Vand y = 1/%, we have

- (pa— +5apb—)
(pb— +5apa—)

Y1 = @7 PonXo) (G- = 5p%)

whered, = pu+ - Pa- @anddy = Po+ - Po--

Example 11 When p. = 0.9, p. = 0.7, g+ = 0.7,
and p. = 0.5, % = 1.25 and y= 0.5, givingfp_ =
0.6931 as in Example 6, artihy = 0.2231 as in
Example 8. These results foy and y were verified
for several other parameter values. Whgn 6, = 0,
Pat = Pa- = Pa Po+ = Po- = P these expressions fop x
and y give Opw = In(p/pp) and 6. = In(g,/q,) In
agreement with earlier work (Miles, 1984 and
Pollard, 1992).

An explicit solution for the alternating module

The value ob for the AL module, although difficult
to evaluate, turns out to be the averagégmfand
Opw. In Table 2, and in line with the paper by Miles
(1984), WAL systems are given unit efficiency. It

5 and
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Pa-, pa+, pb-, pb+ Ex@) theta,0 E(S)/E(D) 6 *E(S)/E(D) Efficiency
0.8,0.8,0.6,0.6 AL  Sqrt(8/3) 0.4904 1/5 0.0981 1.0
0.8,0.8,0.6,0.6 PL 20 0.6931 1/7 0.0990 1.0096
0.8,0.8,0.6,0.6 PW 4/3 0.2877 1/3 0.0959 0.9777
0.7,0.9,0.5,0.7 AL Sqrt(2.5) 0.4581 Y 0.1145 1.0
0.7,0.9,0.5,0.7 PL 20 0.6931 1/6 0.1155 1.0086
0.7,0.9,0.5,0.7 PW 1.25 0.2231 % 0.1116 0.9741
0.9,0.7,0.7,0.5 AL Sqrt(3.215385) 0.5840 1/6 0.0973 1.0
0.9,0.7,0.7,0.5 PL 22 0.7885 1/8 0.0986 1.0126
0.9,0.7,0.7,0.5 PW 1.461538 0.3795 Y 0.0949 0.9748

Table 2: Some characteristics of the AL, PL and f@dules

can be seen that the efficiency (5) is greater thar0.6, p. = 0.7 and p = 0.5, P equals 0.6606. Also,
unity for the PL and less than unity for PW whes for example, po =1, o =0.32 and no =0 12. It
positive or negative. can be seen, for example, tléghw = 0.8*(1 - 0.6) -
An extension of the fundamental equation 0.7*0.3 = 0.11 andop,. = 0.3*0.7 - 0.6*%(1 - 0.8)=
We give an extension of the earlier equation from0.09. The right hand side of the above equation is
individual points to point-pairs, which can resulia 0.5 + 1*0.44*0.2 + 0.32*0.5*0.07 + 0.48*0.5*0.2 +
win, a draw or a loss to player A. The importante o 0.08*0.5*0.2 + 0.12*0.5*0.09 = 0.6606, verifying
winning a point-pair rather than drawing it is elqua the above equation for this example.
to the probability of winning given the point-pasr ~ Example 13 Consider Wyginepairélb Using dependent
won minus the probability of winning given the bipoints, starting with an (a, b) point-pair. The
point-pair is drawn. Also, the importance of dragvin possible states are (0, a, b), (2, a+, b-), (2,ba,
a point-pair rather than losing it is the probapitf (2, a-, b-), (0, a+, b-), (0, at+, b+), (0, a-, K9, a-,
winning given the point-pair is drawn minus the b+), (-2, a+, b+), (-2, a-, b-), and (-2, a-, bA)l. of
probability of winning given the point-pair is lost the importances for this scoring system are equal,
Thus, using an obvious notation, when the score isand are equal to 5/18 wheppp, = 0.7, R+ = Po+ =
(i, j), the importance of winning a point-pair rath 0.8 and p. = p,. = 0.6. As the importances are equal,
than drawing it, i|lj w , is equal to P(i+2, j) - P(i+1, (P —Q)/u has a ‘nice’ value (1/18 whepn=p0.8, .
j+1), and the importance of drawing a point-pair = 0.9, p.=0.7, = 0.6, p. = 0.7 and p = 0.5).
rather than losing it | o , is equal to P(i+1, j+1) - Example 14 A stochastically identical ‘single-
P(i, j+2). The earlier equation becomes point’ version of the scoring system in examplesl3
— W,(AL®. It can be seen that there are 3 ‘initial’
P O'5+zn'j(li'j'\"{a—i’jw 1000 states, Oa, followed by 1b(+) or -1b(-), where, for
where, as before, the importances are evaluated fOéxamp|e, 1b(+) represents a score of 1 with a btpoi

the case in which the two players are equal, aad thig pe played and the next a point being an a+ point
n,; are evaluated when player A has an increase ifrpere are 12 b states when the scores are 3ot -1
probability of§; ; w of winning the point-pair and a 3 and 10 a states when the scores are 2, 0, The2.
decrease in probability &f ;. of losing a point-pair.  jmportances of all these states are equal, andl equa
Example 12 Consider playing just two point-pairs, g 5/18 for the above parameter values.

and if the final score is 2-2, a coin is tossed tOExampIe 15 The system WW,PL*®*) W,PL>*@*)
determine the winner. The first point-pair is anta  (where PE*®* indicates that the first point is a+ and
point-pair. The second is (a+, b-) if A wins thesfi  the first b is b+) has equally important points tiwo
point-pair; it is (a+, b+) if A wins the first a pt  equal players (and equal to 5/24 for the above
and B wins the first b point; it is (a-, b-) if glar A parameters). Further, \W,PW*®) W,PW>®) has
loses the first a point and B loses the first bnpoi equally important points for two equal players.

etc. If the two players are equal, P equals Q&wF  Relevance to golf

0, op=0.5, lbow= 0.5, l20p=0, haw=0.5and  The extension of the above equation to the sitoatio
l110=05. Also, ifp=p, =07, g. =p» = 0.8and  where draws are possible has relevance to other
Pa- = Po- = 0.6, bow = 0.44 anddop = 0.44. If Ais  gports such as golf. For example, in match plaf; gol
better than B andap= 0.8, B+ = 0.9, p-= 0.7, B = each hole is won, drawn or lost. The equation @n b
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extended even further to where there are more thahas been extended from the two outcome win/loss to
just 3 possible outcomes. For example, when twothe three outcome win/draw/loss structure. Indeed,
golfers play each other at stroke play and we assumthere is a further extension to the situation where
each golfer has an eagle, a birdie, a par, a lmgée  there is a four or more outcome structure. This can
double bogie on each hole, the two players’ scorede useful for other sports such as golf.

on each hole can differ by +4, +3, +2, ..., -4. The

importance of having an eagle rather than a birdie References
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Abstract

The use of technology in sport to assist umpiresbeen gradually introduced into several sportss Tias
now been extended to allow players to call upohretogy to arbitrate when they disagree with theues
decision. Both tennis and cricket now allow theypla to challenge a doubtful decision, which isersed if
the evidence shows it to be incorrect. Howevemtmber of challenges is limited, and players magafce
any possible immediate gain with the loss of arkitight to challenge. With similar challenge ruéegected
to be introduced in other sports, this situatios haen a motivation to consider challenges morelwidVe
use Dynamic Programming to investigate the optichallenge strategy and obtain some general rules.

Keywaords Sports, Dynamic Programming, Tennis, Challenge

1. INTRODUCTION it not hit the batsman. In tennis, it displays hesoa

of the court lines along with a mark where the all
Technology is being used increasingly in sport tobelieved to have bounced, along with a decision on
assist, and in some cases replace, judges andhether it was in or out. (Interestingly, the path
referees. The photo finish has been used to help ththe ball is never shown with any error bounds. The
steward decide close horse races since the camegaublic and players appear to accept that it is texac
was invented. In swimming, electronic timing has and infallible.) The interesting development inrtisn
largely replaced the judges in determining finighin was that the players, not the umpires, under certai
order. In tennis we have had the electronic serviceconditions were allowed to challenge the umpire’s
line machine for many years, and now also a devicalecision by referring to Hawkeye. If Hawkeye's
for picking up net cords. More recently, some formsview was consistent with the appeal, the umpire’s
of Rugby have used a video referee to decide on theecision was reversed. The International Cricket
legality of tries. Cricket followed suit, allowing Committee has now introduced a similar rule into
umpires to refer decisions on run outs, stumpingsthe playing conditions of some cricket series, @nd
and catches to a third umpire with access to videsseems inevitable that allowing players to challenge
footage. In many other sports the media use videaimpires’ decisions will play an increasing part in
replays or other technology (such as the hot gpot i many sports. But some poor decision making by
cricket) to provide evidence for or against the players shows they do not always make good use of
umpire’s decision. their right to challenge. The number of challeniges
In 2008 the Australian Tennis Open saw anlimited, and players must balance any possible
interesting development with the introduction of immediate gain with the loss of a future right to
Hawkeye. This system, relying on several videochallenge. This provides the motivation to
cameras and some mathematical modelling, wasnvestigate the optimal strategy in the use of
originally used in cricket, where it claims to show challenges in a wider context.
where the ball actually went or would have gone had
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Norman (1995) gives several examples of the use oDefinef(i, j, m, #) as the maximum probability of X
Dynamic programming to find optimal strategies in winning the game, with the scarg and X havingn
sport. It can be used here to find the optimalchallenges left, witl the state of play. Then
challenge strategy under simplified rules, and thus
formulate some general rules for the real situation  f(i, j, m, W) = (1p)*p*f(i+1j, m W) + (1p)*f(i+1,
j,m, L) } + pf(i+1,j, m C)
f(i, j, m, L) = (Lp*{ p*f(i, j+1, m W) + (1p)*f(i,
2. ASIMPLE MODEL TO DETERMINE j+1,m L) + p*f(i, j+1, m, C)
CHALLENGE POLICY f(i,j, m, C) = max
don't challenge: (X)*{ p*f(i, j+1, m, W) + (1-
In a game of tennis, at the end of a point, a playe p)*f(i, j+1, m, L) + p*f(i, j+1, m, C)
may challenge a line call. For example, if his challenge:s*[(1-po)*{ p*f(i+1, j, m, W) + (1p)*
opponent’s ball is called in when it may have beenf(i+1,j, m, L)} + p* f(i+1,]j, m, C)]
out, then a successful challenge will win the point +(1- &)* (1-p)*{ p*f(i, j+1, m1, W) + (1p)*f(i,
(or if the miscall occurs on his opponent’s first j+1,m1,L)} + p*f(i, j+1, m1, C)]
serve, the opponent will be required to serve ggain
Again, if his own ball is called out when it mayea  Since having an extra challenge can never decrease
been in, a successful challenge will earn a repfay X's chance of winningf(i, j, m, 8) >=1(i, j, m-1, 9)),
the point, or even win the point if it is deemedtth it is easily shown that the challenge test quansity
his opponent would have been unable to return thenonotone increasing i%. Suppose the two test
ball. A player may make up to three unsuccessfulquantities are equal whep=x. Then fors, >z it is
challenges in a set, up to four if a tie break isbetter to challenge, and fef < = it is better not to
reached. challenge. Thus the form of the optimal policy is
The scoring system in tennis makes the gameChallenge only if the probability of success is
difficult to model and we consider here a simpler greater than some probability,
game in which two players compete to be the fost t
gain 20 points. It could be thought of as tennithwi
different scoring. It is not very different fromeh 3. A COMPUTABLE MODEL FOR TENNIS
game of table tennis played under the old rule of
first to 21. One (big) disadvantage of this formulation is the
Suppose X (our man) is playing Y. With probability number of variables in the state description. For
p. a challenge opportunity may occur for X, and if X computational simplicity, we may reduce the
makes a challenge the probability of success.is number of variables by one by taking the time at
With probability (1 -p. ) no challenge opportunity which a decision is made to be when player X is
occurs, and X wins the point outright with about to serve (or receive a serve). We suppose tha
probabilityp. The point has just been played and onehe then asks himself whether if an opportunity to

of three states occurs: challenge occurs, he will take it.

W: X is about to be given the point outright; The state of the system i j, m) wherei - j is the

L: Y is about to be given the point and X thinkssthi score:i andj are the points each player (X and Y,
is right; respectively) has earned so far in the gamés the

C: A call has been made such that if it stands Y wil number of challenges left. We consider X as the
win the point, but X thinks there is a good chahee player who decides whether or not to challenge, and
would be awarded it if he challenges the call. who has three challenges available at the statieof
The probabilities of the three states W, L and Cgame. We defind(i, j, m) as the probability of X
occurring are respectively @)*p, (1-p)*(1-p) and  winning the set using an optimal policy.

Pc We suppose that challenge possibilities are of two
Before the umpire says anything, we take the scoraypes, occurring with probabilitiep; and p,. If

to bei-j. X hasm challenges left. player X makes a challenge, his probability of
We take the state of the system to bej,(m, ) success iss; and s, respectively §>s,). If his
whered can take the values W, L and C. challenge is successful, the state of the system

becomesig1,j, m) but if unsuccessfuli(j+1, m1).
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Just before a point is played, player X may conside The “total challenges” in Table 1 relate to matches
three possibilities: played with Hawkeye, a subset of 47 out of 127.
A: With probability 1p,-p,, the point proceeds Assuming the presence of Hawkeye has no effect on
without any question of the ball being in or out of the number of sets in a match, we can calculate the
play and X wins with probabilityp and loses with number of challenges per set. We would really like
probability 1p to have average challenges per set, so we looked at
B: With probabilitypy, the ball is called out when the men’s singles results. 474 sets were played in
player X thinks it is in and unless he makes al25 matches played to completion, giving the
successful challenge, he will lose the point. With average sets per match as 473/125 = 3.8. The
probability s; his challenge is successful and he will average number of challenges per set is thus 8.7/3.

gain the point; if it is unsuccessful; he will loge =1.8.
point and lose one right to challenge.
C: With probabilityp, the ball is called out when Men Women
player X thinks it is in and unless he makes a Total
successful challenge, he will lose the point. With challenges 314 130
probability s, < s; his challenge is successful and he Successful
will gain the point; if it is unsuccessful, he widse challenges 93 38
the point and lose one right to challenge. Unsuccessful
221 92
challenges
The decision problem faced by X before the point is Percentage 296 292
played is thus to choose one of three alternatives: successful ' '
I: Not to challenge, even if a possibility occurs Average
II: To challenge if and only if possibility B occur challenges per 6.7 3.8
lll: To challenge if either possibility B or match

possibility C occurs

(sinces>s; it is never optimal to challenge only if

possibility C occurs )
The functional equation is thus
f(, j, M=(1pr-p)*{ p*(i+1], m+(1-p)*f(i, j+1, m)}
+ max
I: (potp2)* (i, j+1,m)
: p{ s f(i+1, §, m) +(1- s)*f(i, j+1, m1)} +
pZ*f(i! j+11 m)
HE: p{ s*f(i+1, j, m) +(1-s)*f(i, j+1, m1)}
+p{ & f(i+1, ], m) +(1-5)*f(i, j+1, m-1)}
fori,j<20,m=1, 2, 3.

f(i, J, 0) =(1p-p2)*{ p*f(i+1 j, O)+ (1p)*f(i, j+1, O)}
+ (pr+po)*f(i, j+1, 0) fori, j < 20

(20, j, m) =1 andf(i, 20, m)=0,for alli, j < 20,m =
0,1,2,3.

4. MODEL CALIBRATION

Table 1: Statistics on Challenges, Wimbledon 2009

In the above model challenges are of two typed) wit
different probabilities of success. We could sugpos
these probabilities to be 0.4 and 0.2. (They che't
close to 1, as the line judges rarely make bad
mistakes, and they can’t be close to O for then a
challenge would not be worthwhile).

How often do challenge opportunities occur? More
guesswork is needed. Suppose, on average, that one
type 1 opportunity and two type 2 opportunities
occur per set. We might suppose that players tpke u
all type 1 opportunities and half of type 2, giviag
average of two challenges per set and an average
success rate of (0.4 + 0.2)/2 =0.3 or 30%.

It's easy to juggle with these figures. If only a
quarter of type 2 opportunities are taken up, then
there will be an average of 1.5 challenge per sdt a
an average success rate of (0.4 + 0.1)/1.5 =0.33 or
33%. The point of all this is to suggest a set of
credible values. Let's take the ones in the prewgdi
paragraph and suppose that, on average, a plager ha

Table 1 summarises data on the success rate @.5 type 1 opportunity and 1.0 type 2 opportunity p

challenges
championship,

during the 2009
obtained

index.html

Wimbledon get.
from
http://www.wimbledon.org/en_GB/scores/challenge/



46  An Introductory Analysis of Challenges in Tennis

X score
01 2 3 45 6 7 8 9 10 11 12 13 14 15 16 17 18 19

o

OPTION 2

CHALLENGE ONLY IF HIGH PROBABILITY OF SUCCESS

<

O©CoO~NOOUITA,WNE

® -0 oOowm

10 OPTION 3

12 CHALLENGE AT EVERY OPPORTUNITY

Table 2: Optimal strategy in first to 20 game, witle challenge leff) = .6

These values seem reasonable. A player is allowethe game is virtually over, when Player X leads by
up to three unsuccessful challenges in a set. i§his many points and is very close to winning. For
presumably thought to be a reasonable maximum. lexample, when X leads 19 - 4 in the first to 20 gam
a player makes one challenge in a set, on averagand 29 - 10 in the first to 30 game, the optimal
then if the number of challenges follows a Poissondecision is Option |, not to challenge if an
distribution, the probability that he makes three o opportunity occurs. In such situations, Player X% ha
fewer challenges is 0.98, a 2% chance that he ¢ann@ probability of winning very close to one and it
make as many challenges as he would like. matters little which decision he makes.
A BASIC computer program (verified with an Excel With only one challenge left, the choice depends on
spreadsheet) has been written for this game df firsthe score. Decision tables for both games are shown
to 20, and with a slight modification a first to 30 in tables 2 and 3. It can be seen that in the tir&0
game. As any number of points between 20 and 3@ame, a near-optimal policy for Player X would be
could be played in the first and any number betweerto choose Option Il if Player Y's score is seven or
30 and 59 in the second, we take an average of 3@ss and Option Il otherwise; and that in thetfics
points played in the first and 45 in the secondusTh 30 game, a near-optimal policy for Player X would
we arrive at values gd; = 0.5/30 = 0.0167 anghb = be to choose Option Il if Player Y’s score is ten o
1/30 = 0.0333 for playing up to 20 apd= 0.5/45 = less and Option Il otherwise. In both games ficst
0.0111 andp, = 1/45 = 0.0222 for playing up to 30. N the critical score for Y is abou/3. If this
s = 0.4 ands, = 0.2 as suggested earlier. The decision rule were applied to a set in tennis, tinen
probability of winning a point outright for playet recommended rule would be: take every opportunity
was taken to be 0.6. to challenge, but with only one challenge remaining

if your opponent has won two games or fewer,

challenge only if you have a (relatively) high cban
5. RESULTS of success

Clearly this decision rule will alter depending the
In both games, with more than one challenge Ieft, i relative ability of the players. We have uged 0.6,
almost every situation, the optimal decision is which might be relevant for a seeded player playing
Option Il to take up every challenge opportunity. a non-seeded player. This might be the case for
The cases where this choice is not optimal are whemany of the matches played on the show courts for
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X Score
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Table 3: Optimal strategy in first to 30 game, witle challenge leff) = .6

which the challenge system is used. As the player

becomes weaker, his relative reward for a succkessfus. CONCLUSIONS

challenge becomes greater, and he should challenge

more often. The seeded player's opponent, forAnalysing simplified rules can be helpful in
example, = 0.4) should virtually always generating simple rules towards optimal challenge
challenge. In the first to 30 game, with one chigke  strategy. Results suggest that in a simple ‘fiost t
left nearly even playerspE 0.5), should use option game, the optimal strategy will also be fairly sienp

Il only if their opponents score is less than about— always challenge when you have a ‘good’ chance
7,and a vastly superior playgy £ 0.7) only if their ~ of success, and take any challenge once you gpt dee
opponents score is less than about 16. enough into the game that it looks as if you might
There are some challenges in which the successfutot use all your challenges. However we do not
challenger only wins a replay of the point. If amt 0 expect the decision rules to be as straightforward
call on a ball which the opponent could have playedwith the nested scoring system used in tennishén t

is successfully challenged, the point is replayed.simple game analysed here, there is no sense in
While we have not included this possibility in the saving a challenge until a more important stage of
model, since the rewards for a successful challeng¢he game. Once a challenge opportunity with the
are not as good, clearly the player should be lessnaximum chance of success arises, there is nothing
aggressive in challenging such calls. to be gained by saving that challenge to latehan t
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game, as if the challenge is successful that poinsuggests the optimal strategy depends on the
stays on your score until the game is over. Keepingmportance of the point — the more important the
it in case you have a similar challenge opportuatty point in winning the set, the more likely a player
19 all is futile, since if you used it successfully should challenge. Since importance increasesén lat
earlier you would be 20-18. The only consideration points of close games, and in later games of close
is then how long into the match does it becomesets, this implies that players should save their
unlikely that another maximum chance challengechallenges until needed deeper into close games and
opportunity will arise — at that stage you may take sets.

lesser chance challenge. This is not true in tistede

scoring system used in many racquet sports, irReferences

particular tennis. A set consists of first to sanes,

and once a game is won there is no advantage i€larke SR and Norman JM (2010). Optimal
winning it to love as opposed to winning it to ¥5. challenges in tennis. Under review

challenge opportunity arising at 40-0 might not be Norman JM (1995). Dynamic programming in sport:
taken up, as the game will probably be won anyway. A survey of applications.IMA J Math Appl
Morris (1977) defines the importance of points in  Business Ind(December): 171-176.

tennis. An Excel spreadsheet which solves a similaMorris C. (1977). The most important points in
model to the above for the actual scoring system tennis. In Optimal strategies in sportsS. P.
used in tennis has been developed (Clarke & Ladany and R. E. Machol (Eds.). Amsterdam,
Norman, 2010). Preliminary analysis of this model North Holland: 131-140
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Abstract

This is the first of two papers on ordering, ramgkand seeding players or teams in sport. Such iogienay
be used for player selection, seeding, handicappilayer progress evaluation and for predictingamatnd
tournament outcomes. Pair-wise match probabildiesused to create order criteria based on matoécted
values, and the analyses of round robins, knockawnaments and ladder systems. Theoretical reault
given for three and four players/teams. The totahiper of players/teams can affect the ratings.

Keywords: Ordering, ranking, seeding, round robins, randoockrouts, ladders, ratings

tournaments. Stefani (1997) gives details of thé® AT
1. INTRODUCTION tennis ranking system which is based on tournament

and bonus points.
Clarke and Dyte (2000) suggest that ratings be usedhe original ranking systems were based on
to seed players for tournaments, to allow entrg int tournament importance as determined by prize
tournaments, to allocate prize money at the end omoney, and player performance was measured by
the year and to predict the outcome of a matchy The the round reached. A schedule of points was agreed
developed a binary logistic regression model whichbased on the above and a player’'s ranking was
uses the difference in ratings to predict thecalculated as the average points earned for
probability of winning a match. Blackman and tournaments played in the previous 12 months.
Casey (1980) mention tournament placement,Musante and Yellin (1979) refined this method using
handicapping and player progress evaluation aghe ranking of all players entered in that event to
other uses for tennis rankings. measure its importance rather than prize money
As explained by Pollard and Meyer (2010), when thewhile using the ranking of defeated opponents, not
leading male tennis players formed the Associationjust the round reached, to measure the performance
of Tennis Professionals (ATP) in 1973, one of theirof any player. The concept of bonus points for
first acts was to introduce a 12 month weighteddefeating a higher ranked player was used by the
moving average world ranking system to determineWTA for some years, but was subsequently
which players gained entry into tournaments and todiscontinued. Subsequently Blackman and Casey
determine which players were seeded. The Women’¢1980) developing a ranking system similar to & gol
Tennis Association (WTA), founded in 1973, handicap using the actual scores in all matches
introduced its computer rankings system in 1975 andbetween the players being ranked. The difference in
a separate doubles ranking system was introduced ithese rating units for any two players was shown to
1976. Prior to this time there were only informal be a good indication of match result probabilities
ranking systems. Since 1989 and 1995 respectivelyand could also be used to determine what handicap
the ATP and WTA have used rankings that rewardshould be given to the weaker player to make the
quantity as well as quality by selecting a player's match more even.
best results from a minimum number of
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Ali, Cook, and Kress (1986) rank ordered a set ofplayers can be different to the ordering withintjus
players on the basis of a set of pair-wisethe two players. Thus, using the above definittba,
comparisons arising from a tournament. Theyordering of two players within a group of players
showed that the minimum violation ranking rule can can change when other players are added or
be represented as a mixed integer generalizedubtracted from the group. The ordering of three
network program. Strauss and Arnold (1987) usedplayers is in general not a trivial exercise.

maximum likelihood and moment estimates for rally

winning probabilities to develop a rating system fo E[;’;’:rb/il“yibeam L QP_'agesf B - Dot i
' ) 2= 0. = 0. :
players in a tournament, also based on a paired piayers p:=0.4 X Ps=08 12
: Player C p:i=0.4 R=0.2 X 0.6
comparison method. ol 2 30

Cook, Golan, and Kress (1988) examined a series ofable 1: An example with three players
heuristics for ranking the players in a round robin
tournament. The comparison is based on a set oA round robin tournament (RR) with 3 players
randomly generated n-player tournaments. Theln a RR with 3 players, player A plays player B,
Generalized Iterated Kendall Method, produced aplayer A plays player C, and player B plays player
9% reduction in ranking violations compared to the C. Either one player ‘wins outright’ by winning thot
next best contender. This work continued with Cookmatches, or the event is a ‘draw’ with each player
and Kress (1990) presenting a model for developingwinning one match (with ‘draw’ probability D=
a weak ranking of players in a round-robin pp,sps; + pigPaze). In @ RR there are several
tournament. criteria that might be used to order the players.
More recently Clarke (1994) has suggested thafCriterion 1. (row sums/expected values) The
exponential smoothing should be used to updateplayers are ordered according to their row sum
ratings while Klaassen and Magnus (2003), Bedfordprobabilities. This criterion has particular relava
and Clarke (2000) and Barnett and Clarke (2002)when the interest is in the expected total reward f
have explored the use of ratings to provide modelssach player and the total reward for the tournament
for predicting tennis match outcomes. is the sum of the rewards for each match each with
A group of players needs to be ordered in order tahe same reward structure (eg. each player’s
determine which players are accepted into aearnings for a loss in any match is $X and each
tournament, who is seeded first, who is second, etcplayer’s earnings for a win in any match is equal $
In this paper we explore various criteria for oidgr (> $ X). Also, the player with the greatest row sum
players, and consider round robins, knock-outs anchas the greatest expected number of wins in the RR.
ladder systems for three and four players. MatchCriterion 2: (based on rank distributions) The
result probabilities for each pairing are assumed.  players are ordered according to some aspect iof the
rank distributions. The relevant aspect can taka on
range of forms. The rank distributions for three
2. METHODS players are given in Table 2, which includes the
numerical values relevant to Table 1.
Ordering threeplayers

Ordering two players is trivial. A natural way of ??nk/Pi«')ﬂyer A o5 B e RC o
. . . WOrsl . ) X
ordering three players is to order them according t > (%%% + b E%igje% P (pgig% + puis

the magnitude of their row sums in Table 1. Thiis, i ; g.q B (0.36) B (0.32) B (0.08)
the best player is defined as the player who has th_Tot 1 1 1

largest row sum, then the best player is the one wh Table 2: The rank distributions of three players

has the largest value for the expected number of = ) )

matches won in a round robin (RR) event, giving theCTitérion 3: (win outright) Here the players are
definition some mathematical and statistical appeal©rdered according to their probabilities of winning
An example with players A and B being equally best@! their matches in the RR. For 3 players, this
and player C being the worst (according to this©Ordering is based on the sizes afpps, p.Pos and
definition) is given in Table 1. ps1ps2 for players A, B and C respectively. This

If we had been considering just the two players Acr_iterion is particularly relevant when the outm'g_h
and B, A would be better than B. Thus, the orderingVinner (only) gets an extra reward such as thetrigh

of two players A and B within a group of three to go on to some major tournamentterestingly,
player A in Table 1 has a higher probability than
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player B of winning outright (0.36 Vs 0.32), even the final in which the winner of the first matcraps
though players A and B have equal row sums. the person who had the bye.

Criterion 4: (lose outright) Here the players are The probability player A wins a RKO is equal to
ordered according to their probabilities of losmlf)  (2ppis + PPes + PiaPsw)/3, Whilst the probability
their matches in the RR. For 3 players, this ragkin player B wins a RKO is equal to (Zp.z + p21P13 +

is based on the sizes ofym;, piaPs2 and papos for P23p31)/3, the difference between the first expression
players A, B and C respectively. This criterion is and the second being 1p13 — PaP2s The
particularly relevant when the outright loser mgsse corresponding difference for players A and C is
out on an important opportunity that the other two pi.pi3 — p1ps2 and for players B and C it igipas —
players receivelnterestingly, player A in Table 1 ps;ps,. The difference between the probability player
has a higher probability than player B of losing A wins the RKO and the probability that player B
outright (0.16 Vs 0.12), even though players ABnd wins it equals the difference between their respect
have equal row sumsNote that the amount by probabilities of winning a RR outright. This equmli
which player B loses relative to player A in not also applies to the differences between the other
being the outright winner (0.04) is equal to the pairs of players.Thus, the ordering of the three
amount by which player B gains relative to player A players in a RKO is always identical to the ordegrin
in not being the outright loser (0.04). under criteria 3 for a RR. (This is not necessarily
Criterion 5: (expected rank) Here the players are true for the case of four players.) Thus, in Table
ordered according to the expected values of theiplayer A has a higher probability of winning the
rank distributions. These can be determined fromRKO (0.44) than does player B (0.40), even though
Table 2. This ordering is relevant to the situatio players A and player B are ‘equal players’
which the players are paid (linearly) according to according to criteria 1 and criteria 7 for the RR.

their final rank. An analysis of the ladder system (L S)

Criterion 6: (distribution of number of wins) Here The LS has the following structure. With three
the players are ordered according to some aspect qflayers there is an order on the LS at the beginnin
their number of wins distributions. Note that the of a cycle. The ‘top down’ cycle consists of the
aspect in question may or may not be linearly eelat leader on the LS playing the second player, with th
to the number of wins. In general this criteriomca winner becoming the new leader on the LS, and the
be different to criterion 2, although, for the cade loser then playing the third player on the LS with
three players, it is in fact the same as, in Tablhe  loser moving to the bottom of the LS. There is aso
ranks of 1, 2 and 3 in the first column are repdace ‘bottom up’ cycle. The 6 possible orders (or states
by wins of 0, 1 and 2 respectively. at the beginning of a cycle are ABC, ACB, BAC,
Criterion 7: (pair-wise comparisons): Supposgei§ BCA, CAB, CBA, called states 1 to state 6
player A’s probability of having more wins than respectively. The steady state probabilities are
player B plus his probability of having more wins

than player C. § equals 2ppis + pubap + o = (p,.)( P12 P13

P12 Player B’s probability of having more 1 23 + +

wins than player A plus his probability of having P12Pis ¥ P21Pos * Pai P
more wins than player C,gS equals 2pp,; + P, P

P21PaiPs2 + PaPrPra. The corresponding value for 77, = (Pa,)( 12713

player C, 3 is 2piPsz + Pa1P2iP2s + PeaP1zPrs. Under P12 Piz + Por Pos + Pay Paz

criterion 7 the players are ranked according to the

sizes of 3, S and $. Note that in Table 1,5= & _ Py Py
= 0.96 and so A and B are equal players under’B = (p13)( + +
criteria 7..In general, it can be shown that, for three Pi2Pis ¥ P21 Pas T P31 Psz
players (but not necessarily for four players), D,.p

21M23

criterion 7 gives the same ordering as criterion 1. m, = (pSl)( ,
A random knock-out (RK O) with three players PioPis + ParPas + PayPsy
Here we consider the situation in which one player
plays another in the first match whilst the remagni

_ P31 Ps,
third player has a ‘bye’. This match is followed by 75 = (p12)(

P2 Pis + P21 P2z + Par Pae , and
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p31 p32 Probability  Top of ladder (rank 3) Bottom of laddeank 1)

Pi2Pis + PorPas + Par P Py s borD bl
y Player C BuPso/D PiaPod/D

The probabilities for the ‘bottom up’ cycle are the Tapje 3: Some details for the ladder system
same. Thus, the steady state probabilities tha,A,
and C are on the top of the LS are respectively(  The ordering of players can depend on the
m2), (n3 + ma), (ws + me), and the probabilities that scoring system for each individual match
they are on the bottom of the LS ang € ne), (12 +  We now suppose that, in the example in Table 1, the
m5), (my + m3) respectivelylt would seem reasonable scoring system to be used for each match between
to assume that the sizes of these steady statthe players is the best-of-three of the earlieit&iof
probabilities give an appropriate ordering for the play’ (e.g. best-of-three sets of tennis). The vafa
players in this ladder situation. match probabilities are now as in Table 4.
We note a useful method for generating the steady

state probabilities. The method is given here b&gau _Probabiliyibeatsj Player A PlayerB  Player C _ wRotal
Player A X 0.648 0.648 1.296

7T = (P,)(

the same procedure can be used for four playees. Th piayers 0.352 X 093925 129125
first state ABC has 3 implicit ordered pairs, ABCA ~—fawerc 0352 006075 X _oal2rs

and BC, with ‘associated probabilitiesizppis and  Table 4: The example in Table 1 revisited, with reac
P23 The product of these three probabilities is equalmatch being the ‘best-of-three’ units of play’

to P, = pio*p1s*P2s. The second state ACB has the

three implicit ordered pairs, AC, AB and CB with It can be seen that now the best player is player A

associated probabilities g p;, and g,. The product  according to criteria 1 (rather than players A &d

of these second three probabilities is equal folfP  being equal according to that criteria)hus, the

the sum of the corresponding six products is dehote ordering of a group of players can depend on the

by S, then the steady state probability for staige i scoring system being used for each individual

equaltoP/IS(i=1, 2,3, 4,5, 6). match. It follows that when data on best-of-threts s

It follows that the steady state probabilities that matches is used for the purpose of ordering players

player A is at the top of the LS (rank 3), andre t for a best-of-five sets competition, care shoultheo

bottom (rank 1) are given in Table 3, which also taken in the process of ordering the players.

gives the values for players B and C. In this taBle  Theordering of four players

= P1oPiz + P21P23 + P31P32 = P21Pa1 + PeaPiz + PraPes We consider the effect of adding a fourth player to

Each player’s probability of having rank 2 can be the three players considered above, and see whether

obtained by subtraction from unity in Table 3. The by adding a fourth player, the ordering of theiahit

expected value of player A’s rank can be shown tothree players can be affected.

equal E(R) = 2 + (Q2P13 — PaPs)/D = 2 + (A2 + Puis Consider the three players A, B and C in Table 1,

— 1)/D, and the expected values for the other ptaye and add a fourth player, Player D. Assume each of

are E(R) = 2+(p1 + P23 — 1)/D and E(R) = 2+(x1 + players A, B and C has the same probability p of

ps2— 1)/D. beating player D, and consider eight examples.

As the expected rankings within the LS are funstion (a) p = 1.0, (b) p = 0.75, (c) p = 0.5, (d) p =3.2

of the row sums (for three players), the expectede) p = 0.0, (f) p; is changed from 0.8 to 0.9, and p

rankings under the LS give rise to the same orderin = 0.5, (g) psis changed from 0.8 to 0.8706, and p =

as under criteria 1 and criteria.7Thus, when p = 0.5, (h) psis changed to 0.885, and p = 0.5.

0.6, ps = 0.5, p3 = 0.6, the row sums are 1.1, 1.0, Examples (f), (g) and (h) are not chosen arbityaril

0.9, the values for E(Rank) are 2.1351, 2.0, 1.8649but are chosen quite specifically to demonstrate

and the above linear relationship is clear. Further certain facts. Case (f) is an example in which @lay

when p, = 0.6, ps = 0.6, p3 = 0.85, player A has a A and B are equal under ranking criterion 3, but

higher probability than player B of being at th@ to player B is better than player A under ranking

of the LS (0.4737 > 0.4474), although player B is criterion 1. In case (g), the value gf g 0.8706 has

better than player A under criteria 1 and critéfia  been chosen so that the probability player A wins a

This is because in this examplgms > piP2s. It can random knock-out equals the probability player B

be seen that the players’ probabilities of beingrat  wins it, even though player B is better than plafer

top of the LS are in exact accordance with critdia  under criterion 1. Further, case (h) is an exariple
which player A has a higher probability than B of
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winning under criteria 3, but has a lower probapili  p(B) = (1- Pr2) Pas Pos
of winning a random knock-out. The purpose of :

these various examples is to demonstrate that the  P(C) = (1— p3)d— P,3) Pas q
relative ordering of (say) 2 players can depend on » an
the scoring system used for the tournament and the P(D) =@~ p14)(1_ pz4)(1_ p34)

criteria within that scoring system. where these probabilities are expressed as fursction
) of the above-diagonal elements of themmtrix. One

Thus, in case (a) players A, B and C each beaeplay coyld use differential calculus to evaluate theetf

D with probability 1, in case (c) players A, B a8d  on any of the above expressions resulting from a

each beat player D with probability 0.5, and inecas change in one or more of thg yalues (see Pollard

(e) players A, B and C always lose to player D with gng pollard (2007a and b)). Correspondingly, one

probability 1. For all of cases (a) to (), the rswn  ¢oyid write down expressions for the player’s value

for player A equals the row sum for player B. Caseynder criterion 7, and use the calculus similarly.

(f) is the same as case (c) except thatpchanged A random knock-out with four players

from 0.8 to 0.9, and case () is the same as @@se (For the cases (a) to (d), the probability that ay

except that g is changed to 0.8706. Case (h) is the wins a RKO is always greater than the probability

same as case (c) except thatip replaced by 0.885. player B wins it, even though players A and B are

equal under criteria 1In case (g), the value obp

A round robin tournament with four players (0.870588235) has been selected so that the above
The seven criteria can be extended to four playersyyg probabilities are equal.
We note the following results Except for examples (f), (g) and (h), the probapili

(i) Considering cases (a) to (), provided p is notpjayers A and C are in the final equals the

equal to 0 or 1, player A performs better than @fay probability players B and C are in the final, ahd t

B under criteria 7Thus, the addition of the fourth probability A and D are in the final equals the

player, player D, has led to a (non-zero) critefla  propability players B and D are in the final. These

difference between player A and player B, aequalities may have been anticipated. One can write
difference which is in the same direction as thegqown expressions for P(A wins the RKO), P(B wins

?l;tright win or(cr)ite(ri? 3 d(;ff(er)ent;:e. 4 vae M€ RKO). ...The expression for player A is
i) For cases (a), (c) and (e) the expected valiue _
the ranks for players A and B are equal, whereas th p(A) = (plz( Pi3Pas + Puy p43) + p13( ProPos +

expected values are very slightly different in sase P1aPs) + P(PoPas + PisPsy)) /3
(b) and (d), even though players A and B have equaj'l'heladder system with four players

row sumsUnless p = 0, 0.5 or 1.0, players Aand B oo are 24 states; ABCD, ABDC, ACBD, ...,
score slightly differently under criteria 5 (E(rank DCAB and DCBA, called states 1, 2. 3, ..., 23 and

even though they score equa."y under criteria 1'_ 24. Using recurrence methods, the steady state
(iii _In case (f), the probab.|l_|ty that player A wins probabilities were found by inverting the relevant
outright equals the probability that player B wins 23*23 matrix, and it was verified that those

ou_trightg(i.g. players A_and B are equarI1 un(r:iler probabilities could be calculated by the method
criteria 3 sinCe RoDigP1s = PaiP2dPz4r €VEN thoug discussed above. The steady state probabilities of

p_Iayer B is better than player A und_er criteria 1 _ being on top of the LS (rank 4), second on the LS
(iv) In case (h) player A has a higher probability (rank 3), ..., for each of the players were calcuate
than player B of winning the RR outright (crite8g

whilst it will be seen in the next section thathes a Player Rank4 Rank3  Rank2 Rankl  Sum  Expecied Ran
ili 1 I A 0.3553 0.2763 0.2105 0.1579 1.0 2.8289
lower probability of winning the RKO. Thughe o o T o

addition of a fourth player has changed the earlier c 00789 01579 02895 04737 10 18421

result for three players... ‘the ordering of three ——5% 9% 025 02 10 25

players in a RKO tournament is always identical to Table 5: Steady state probabilities for the racesé (c))

the ordering under criteria 3 for a RR tournament’

The probability that player A wins outright, the These are given in Table 5 for case (c). Player D’s
probability player B wins outright, ...are given by  expected rank is 2.5 (midway between 1 and 4), and

P(A) = Pro Pra P the other players’ expected ranks are linearlyteela
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to their row sums (eg. 2.8289 = 2.5 + (1.7 —ordering is ABCD for three other criteria (the pair
1.5)*1.6447; and 1.8421 = 2.5 + (1.1 — 1.5)*1.63447. wise comparisons, the probability of winning the
The following results for the LS are noted. RKO, and the size of E(Rank) within the LShus,

(@) If Player A is first on the LS with a higher for a given value of p, the ordering of the players
probability than player B, then player A wins thR R depends on the scoring system being used and the
outright more often than player B. criteria for ordering within that scoring system.

(b) For the LS, E(Rank A) equals E(Rank B) in (c) In four of the five scoring systems (excluding
cases a), ¢) and e). However, E(Rank A) is less thaE(Rank)) the order changes from CD to DC and then
E(Rank B) for case b) (as for the RR), and E(Rankfrom AB to BA at different values of p, the second
A) is greater than E(Rank B) for case (d) (as f&r t change always being at a higher value of p. With
RR), even though players A and B have equal rowE(Rank) for the LS however, these two changes
sums. This can be explained, for example, by theoccur at exactly the same value of p (89/128). This
nature of the expression for P(A) beloWhus, ‘p-range’ from the ‘first order change to the seton
unless p = 0, 0.5 or 1.0, players A and B scoreorder change’ is smallest (ie. zero) for E(Rank)
slightly differently under criteria 5 (E(rank)), ew  within the LS criteria, second smallest for thergedi

though they score equally under criteria 1 comparisons within the RR criteria, third smallest
The probability A is on top of the LS (rank 4) is for RKO probability of winning criteria, second
P(A) = K +(1- largest for the probability of being top in the LS
(A (IO12 p13p14(p23p24 ( p23) P criteria, and largest for the probability of wingin
+ (1= Pag)L- Pas)) the RR outright criteria.

where K is the reciprocal of the general expressionSeeding for optimal knock-out outcomes
for the sum of the various ‘products’ (see earlier) It is standard practice to seed players for a KO

An example of ordering players tournament. What is the reason for seeding? It evoul
Suppose we have four ‘equal but not identical’ appear that the main reason for seeding playecs is
players with the pij matrix given in Table 6. ‘spread the better players’ across the draw. Given
four players in a KO tournament, we could quantify
b Player A Player B Player C _PlayerD _Sum the reason for seeding by maximizing the probabilit
Ef;ﬁé 54 % o 0% i the best two players reach the final. We demorestrat
e s oo oe o4 %8 e how this can be achieved for four players. Suppose
Table 6: An example with four ‘equal’ players the relevant matrix is as given in Table 7.

The probability that the players win a RKO are
Now suppose f is increased from 0.4 to 0.5, and given in Table 7. The ordering of the players from
hence p, is decreased to 0.5, making A clearly the best to worst is A, B, D, and C, based on the last
best and D the worst player. Further, suppgsasp column. One way of finding the KO draw that
changed from 0.6 to p, and hencg is changed to Maximizes the probability that the best two players
1-p. We consider the ordering of the players feefi reach the final is as follows. Firstly, the matix
scoring systems (winning the RR outright, pair-wise Table 7 is re-ordered with the players in the order
comparisons for the RR, winning the RKO, being from best to worst. This is done in Table 8.
top of the LS, and E(Rank) in the LS) as p incrsase

from 0.6 up to 1. It can be shown that Frobabikty AB O DR Ry
(a) Based on the criteria of winning the RR outrigh A X o0 0% 05 16 02890
the ordering of the players when p is between 0.603 c 045 035 X 06 14 0.2135
and 0.666 is ABCD. The ordering changes to ABDC-2 95 05 _04 X 14 922

when p is somewhere in the range 0.666 to 0.667,Table 7: Arandom knock-out example

and it changes again to BADC as p passes througﬁalculate the maximum of ., and p4pss in this
0.75. Thus, as B’s probability of beating C incesgs _re-arranged matrix. The value of is 0.5%0.65 =

firstly D becomes a better player than C when p iS9.325 and the value of.,s is 0.55%0.5 = 0.275,
somewhere between 0.666 and 0.667, and secondly, o maximum being 180, Noting the subscripts, if

B becomes better than A as p moves above 0.75. ; :

o . player A plays player D (and B plays C) in theffirs
(b) When p is in the range 0.675-0.684, the or@erin o \nq the probability that the best two players, A
of the players is ABDC based on winning the RR ;4 B, play in the final will be maximized.

outright or being top in the LS. However, the
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Win Probability A B D C Sum
A X 055 05 055 16
B 045 X 05 065 16

¢ bas 035 06 X 4. DISCUSSION

Table 8: A re-arranged matrix with players in order

We have considered the RR, KO and LS in some
Odetail. The KO system has a particular importance i
many sports. For the KO the best player was defined
as that player who has the highest probability of
winning a RKO, the second best as that player with
the second highest probability of winning, etc. The
effect of alternative definitions might be explored
é:or example, given four players, the second best
Player might be defined as that player who, after t
best player has been identified, has the next kighe
probability of reaching the final of a RKO. The
worst player might be that player who has the
highest probability of losing in the first round, the
lowest probability of reaching the final in a RKO.
Alternatively the players might be ordered accagdin
to their expected earnings, or their probabilitids

Paa(PoPis = PorPos) + Pas(PioPis = PoiPos) reaching a RKO final. These definitions may give
rise to different orderings.

When isordering/ranking of playersnecessary?

We have seen that if the organizers of a K
tournament wish to maximize the probability thag th
best two players reach the final, there needs ta be
way of finding who the best two players actuallg.ar
Using the criterion that the best two players & t
two who have the highest probabilities of winning
the KO tournament, we have seen how this can b
done. For example, with 3 players, we can conside
pio*p1s for player A, pi*p.s for player B, and
pa*Pa2 for player C. The best two players are the
two with the largest values for these products.hwit
four players we can consider differences such as th
probability player A wins a RKO minus the
probability player B wins it, which is given by

+ ( PisPos t Pig pzs)( P, — p21)
+ p13p14( Py + p32) - p23p24( Psy p41) . 5. CONCLUSIONS

By considering such differences, the best two ef th An ordering of plavers allows tournaments to decide
4 players in a KO can be identified, and the above Ing ot piay ws tou :

method used to determine the (optimal) draw. For awhich players to accept into the draw. For knock-ou

RR there is no obvious need to identify the best tw events it allows them to be seeded. The ordering of

P players however is not a trivial problem.
players as the system is fair in the sense thatyeve . o ; N
We believe that the listing of the 7 ranking ciiaer
player plays every other player. Note however that nd the various reslts for round robins (RR),

an ordering method can be used to select which fouft
(out of five or more) players are placed in thewdra ;angom dkr;oclk-outs (EK?z and ladder sfy_steun;jss (LS)
With a KO structure however every player does not or 5 and 4 players, identiies a range ot 1SS a
play every other player, and there is a greated neeconclugons that are new or not commonly

for ordering. Also, under the LS, every player glay gppfreuated. Extenc_imgl these_res%lts tﬁ morehmayer
every other player in due course in a way that is';? cou[]se nhqtatr|V|a exercise, but the "’.Imh or
automatically determined by the LS. Thus, as fer th elieve that this paper gives important insights in

. . addressing this extension.
RR, there is less need to order the players in.$e Several criteria for ordering the players withiRR

were considered. One was based on the sum of a
player's probabilities of beating the others. This
general criterion has relevance when the interest i

. in the total expected earnings or the expected
Several results have been noted in the method§mper of wins. A second criterion was based on a

_section, and the_main resu_lts have been summarize&ayer,S probability of winning outright, and this
in the conclusions section. The overall result relevant when (say) only one player moves to the

however is that the ordering of a group of playersyey; stage. A third criterion was based on a player
can depend on the scoring system being used foprapapility of losing outright, and this is relevan
each individual match, the tournament structure angynen (say) all but one of the players move to the

the criteria for ordering within that structure.

3.RESULTS
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next stage. A fourth general criterion was based on Klaassen, F.J.G.M., & Magnus, J.R. (2003), For@ugst
player’s ‘pair-wise comparisons’ with the others. the win.ner of a tennis matcBuropean Journal of

For four players, the ordering of the players iRR Operations Research; 14857-267

is not necessarily the same for these criteria. Musante, T.M., & Yeliin, B.A. (1979), The

The probability of winning a RKO was used as the H?;g/fgsu|tgt(:)£|1()93§?3[r71putenzed Tennis Ranking System
criterion for ordering playe_rs for a KO eve_)nt. I?or_ Pollard, G.N., & Pollard, G. H. (2007a), Importasdethe
players (but not necessarily 4 players) this orderi st important sets in a match, and the most iraport
is always the same as for the second criterion@bov  points in a game of tennis, Tennis Science and

For the LS one criterion was the probability ofriggi Technology 3edited by S. Miller and J. Capel-Davies,
on top of the ladder. A second was the expectekl ran International Tennis Federation, Roehampton, London,
on the ladder. For three players (but not necdgsari Pp281-292.

four players), this second criterion gives the same>ollard, G. N., & Pollard, G. H. (2007b), Importasc
ordering as the first and fourth criteria above. 2:the most important points in a tiebreak game, taed
The ordering for a group of players playing best-of most important games in a setTiennis Science and

. . Technology 3edited by S. Miller and J. Capel-Davies,
three sets matches can be different to the ordering International Tennis Federation, Roehampton, London,

for the same group playing best-of-five set matches 293-300.

Thus, when data on best-of-three sets matches 'pollard, G.N., & Meyer, D.H. (2010) Wilegncyclopedia
used for ordering players for a best-of-five sets of Operations Research and Management Scidbde
event, care should to be taken in the ordering. James J. Cochran, to appear. .

The overall conclusion is that the ordering of a Stefani, R.T. (1997), Survey of the major world $por
group of players can depend on the scoring system rating systemsJournal of Applied Statistics, 24(635-
used for each match, the tournament structure an

the criteria for ordering within that structure. %trauss’ D., & Amnold, B.C. (1987), The rating cdysrs

in racquetball tournament8pplied Statistics, 36(2):
163-173.
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Abstract

This is the second of two papers on ordering, ramkind seeding players and teams in sport. Suariogs
may be used for player selection, seeding, handingpplayer progress evaluation and for predictimgtch
and tournament outcomes. KAN-Soft data for eigtitheftop male tennis players is used in a simuiatiady
to explore various ranking systems. These rankystess rely on historical relative frequenciesgairwise
performance in the context of two scoring systemd three tournament structures. Of special intdsetie
sensitivity of the rankings to individual cases.

Keywords. Ordering, ranking, seeding, round robins, randoockouts, ladders, ratings

ladder systems for three and four players. This has
1. INTRODUCTION been done assuming that the probability that agplay
wins when playing against a specific opponent is
Player orderings or rankings have administrative an known. Their results suggest that the ordering of
motivational uses in all sports. For instance taey  players may depend on what tournament system is
useful for selecting which players or teams shouldassumed and what scoring system is used for
be allowed into elite tournaments, for seeding,individual matches. In this paper these results are
handicapping, monitoring progress and predictingconsidered in the context of elite male tennis gisin
match outcomes (Bedford and Clarke, 2000; KAN-Soft data to provide pairwise information for
Klaassen and Magnus, 2003; Pollard and Meyergeight of the current top players in the world.
2010). Several methods have been suggested for
ranking purposes. Some of these methods rely or2. METHODS

prize mone_y_awarded in the past while _others u.sepsing the 2009 December KAN-Soft database
more heuristic measures based on particular point "~ h results for the top eight male players Weré

systems (Musante and Yellin, 1979; Cook, GOIanextracted and the relative frequencies for a winewe
and Kress, 1988; Cook and Kress, 1990, StefaniUetermined for each ossibleq airing. Table 1 shows
1997). Evolutionary — approaches for  the ese results for all I:r)natchesp la egd between these
establishment of ratings have also been considereg? ht ol u ding to th prN S ﬂV\é tab
(Bedford and Clarke, 2000; Clarke, 1994). eslgmepoeflyt?]r:sgcrﬁ;rtcwgs ?ookeplace_scc))me %rﬁeang
In_this paper pairwise comparisons of match or example the first match between Federer and

performance are used in order to establish rating
A adal took place at the French Open off' &y
(Blackman and Casey, 1980; Ali, Cook and Kress,2005. Comparing the KAN-Soft rankings for

1986; Strauss and Arnold, 1988). Pollard, PollardDecember 2009 with those of a year previously

and Meyer (2010) describe these methods in MOGittle change was observed. Only two players had

de_tall_and, n par_t|cular, _the_y have expl(_)red Vasio dropped out of the initial eight rankings (Badogpali
pairwise comparison criteria for ordering playersd?lnd Tsonga) with Sorderling and Del Potro as their
(and teams) considering round robins, knockouts an replacements. The data shows that of the 77 matches
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he has played Federer has won 50 matches, givinglayer Mean Mean Rank  Rank
him a 65% success rate overall, which has ledgo hi SUCCESS  SUCCess on on
dominance in the game for many years. onserve onreturn service return
(%) (%)
Federer 67.76 38.69 1 2
Roddick 65.03 31.04 2 8
ID Loser Davydenko  60.95 38.53 7 3
D ; g : g g (1) : 2 'Vv'\ztncsh Sorderling 62.41 32.96 5 6
Winner 8 2 71 7 9 6 (2009 Nadal 62.84 39.36 3 1
5 2 5 (Rank) Murray 61.10 37.69 6 4
19 - 12 6 9 6 3 8 6 50 Djokovic 62.56 36.95 4 5
Federer (1) Del Potro 59.75 32.62 8 7
89 1 - 2 0 2 3 4 0 12
Roddick . ot ; i
R 1 a4 4 1 s (17; Table 2: Statistics used to predict the probabditp
Davydenko 6) win on any match
g‘:’ﬁder”ng 0 2 6 - 2 1 10 (g Using the results in Table 2 a binary logistic
677 2 3 4 3 - 7 12 4 45 regression model which allows for the prediction of
Nadal 2 match probabilities (win or loss), for all possible
1075 6 5 5 0 2 - 3 5 26 pairwise combinations of players, was developed. In
Murray “) this analysis the results were weighted according t
g?gfovic 5 2 3 4 7 4 -3 éj the number of matches played by each pair of
6i65 2 9 0 2 3 1 0 - 10 players as indicated in Table 1.
Del Potro ©) In the following equation p; represents the
Matches 27 27 26 21 26 23 29 21 50 - 1aton ¢ !
Lost (1) probability that player i will beat player j, while
2008Rank 2 6 5 17 1 4 3 9 Serve represents the probability of player i winning

a point on serve andReturn; represents the
probability of player j winning a point on returAn
interaction term between these two predictors daile
to improve the prediction and was therefore omitted

Table 1: Number of matches won and lost for the top
eight male players as at 7/12/09 KAN-Soft data
base.

As shown in Table 1, the top eight players have all

played against each other at least once. Howewer, f h{ﬂj] = 0887Serve —.1526Return Q)

some pairs there are very few matches (e.g. (1-p, !

Sorderling and Murray have met on only one

occasion). This deficiency is addressed by using arhe odds ratio for the serve variable is 1.093

modeling approach to estimate the pairwisesuggesting thata 1% improvement for points won on

probabilities for winning in the case of each pajti  Serve will increase the odds of winning by 9% on
. _ average. The odds ratio for the return variable is

The model is constructed using the summary gggq suggesting that a 1% improvement for points

statistics given m_TabIe 2, which shows the mean, by the opponent on return will reduce the odds
percentage of points won on serve and return for,

| of a win by 14% on average. However, there is a
each of the eight players for all matches playedy, piem with these predictions because, for any

amongst each othe_r. The good per_for_man'ce Ohatch, the predicted probabilities of a win for Hbot
Federer on both service and return again justifiss players do not necessarily add to one. This

position on the rankings as number one. Howeverdeficiency in the model predictions is easily

Nadal is ahead of Federer on return and not farcorrected by dividing by the sum of the estimated

behind on serve, confirming that he is a worthy iy yronanilities for each pair of players. Figure
challenger. Amongst the other players Roddickts € gpqy s how these estimated probabilities of a win
down by his return while Davydenko and Del POtro ¢ompare to the relative frequencies calculated from
are let down by their serves. Table 1. In this plot the size of the points indéca
the number of matches used to compute each
relative frequency or “observed probability”. There
is an obvious discrepancy between estimated and
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observed probabilities when players have playedeigenvalues are compared for these two scoring
each other on only rare occasions, especially whersystems. In addition the sensitivity of the 5 set
one of the players has won all these matchesranking system to each of the eight players is
However, when two players have met many times,assessed by excluding each player one at a time,
as indicated by the larger points, the predicted an noting the value of the first eigenvalue and any
observed probabilities appear much closer. Thesehanges in the rankings of the remaining seven
results suggest that the predicted probabilities ar players. Such a sensitivity analysis has practical
more reliable than the “observed probabilities”, applications in that it is important that injury or
giving a better indication of the relative performma  retirement for one of the top players should not
of each player. This is to be expected since thesenake an existing ranking system redundant.

predicted probabilities are based on the average . onsuing simulations performed usina the
performance of each player on service and return fo_ . ing o P . )
estimated win probabilities, the rankings for these

all of their Table 1 matches. ; . )
eight players are compared using various tournament

o structures. The purpose of these simulations i®to

ob . . A

ge o ° only show any differences in the expected rankings,
g8 i o 9 but also to indicate the degree of variation trat ¢
¢g g ° °. i be expected in the rankings obtained for the variou
sy ° o o® tournament structures.

8% ° 2 o 3. RESULTS

0% ° o 8

825 ° ’ Comparison of scoring systems.

o
o
o
s
o]
N
o
[

o.

e s e s o The initial ranking system developed using the
predicted pairwise probabilities of winning a match
Figure 1. Predicted Probabilities (prob) of winning is obtained using the row sum method of Pollard et
compared to Relative Frequencies (obsprob) fromal (2010). This method is used below to compare the
Table 1 rankings obtained for two match scoring systems,

: - best of 5 sets and best of 3 sets.
A ranking system for these eight players can be .
conceptualized as a one dimensional representatio;';he_above predlc_ted probablhtle_s were based on a
of these predicted pairwise probabilities of wirgnin scoring system W'th the best (.)f f|ye sets used to
Principal component analysis is commonly used todetermlne the winner. Assuming mdependencg .
reduce the dimension of matrices of various types,be'[wfeen the performances 9f players in ea}qh et it
with the eigenvalues used to measure the importanc QSS|bIe to compute th_e estimated probab|llty ofa
of each dimension. This technique was developed b in for each set (p) using th? following equation f
Hotelling (1933) after its original creation by the Probability of winning a five set match.
Pearson (1901). A principal component analysis was
therefore performed on the Table 1 matrix of pP>(L0-15p+6p?) (2)
predicted winning probabilities, with zeros on the _ ) o
diagonal, and the first eigenvalue was used as gh|s_ aII_ows the calculation of pairwise probabdi
measure of the ranking feasibility. In this pagfes t of winning a best of 3 sets match using the formula
measure is used to compare the feasibility of a > 2
ranking system for two scoring systems and to testP +2p°(1-p) ®)

the importance of each of the eight players to thergple 3 compares the row sum of winning
strength of the ranking system. probabilities for each of the eight players foresth

The initial analysis concerns a comparison of 3 setof 5 sets and a best of 3 sets scoring structure. T
and 5 set scoring systems when the ranking systerf@nkings are identical, however, there is cleartyen
based on a simple row sum of winning probabilities, variation in the row sum of winning probabilitiesr f

described by Pollard et al (2010), is used. Thet fir the best of 5 sets matches (2.77 — 4.25) than there
for the best of 3 sets matches (2.91 — 4.11). rhe f

4obsop5robo
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eigenvalue for the matrix of estimated pairwise sum of winning probabilities is likely to be effet
winning probabilities is very similar for the two in practice.

scoring systems, with a value of 55.58% for thet s

matches and 55.79% for the 3 set matches. This

means that a ranking system is only slightly morepjayer First Ranking for remaining
appropriate in the case of 3 set matches thanirt is removed eigen p|ayers using the row sum of
the case of 5 set matches, because a one dimensiona - winning probabilities
model explains only slightly more of the variation value 1 2 3 4 5 6 7 8
performance in the case of the best of three set (%)
matches. The shorter matches appear to bettef Federer 5659 * 1 2 3 4 5 6 7
differentiate the performance of players, making it 2 Nadal 5663 1 * 2 3 4 5 6 7
easier to create a meaningful ranking. 3.Davydenko 5653 1 2 * 3 4 5 6 7
4 Djokovic 5641 1 2 3 * 4 5 6 7
5.Murray 5643 1 2 3 7 * 5 6 4
Plaver Row Sum of Ranking 6.Roddick %39 1 2 3 4 5 * 6 7
y Predicted Win 7.Sorderling 5641 1 2 3 4 5 6 * 7
Probabilities 8.DelPotro 5659 1 2 3 4 5 6 7 *
Bestof Bestof Bestof Bestof None 5658 1 2 3 4 5 6 7 8
5 sets 3 sets 5 sets 3 sets
Federer 4.25 4.11 1 1 Table 4: Sensitivity analysis for ranking for best
Roddick 3.06 3.15 6 6 set matches
Davy- 3.70 3.66 3 3
denko The results of the three tournament simulations are
Sorder- 3.04 3.13 7 7 now considered. In these examples the estimated
ling pairwise probabilities of winning are considered
Nadal 4.01 3.91 2 2 only for five set matches.
Murray 3.57 3.56 5 5
iokovi 3.58 3.57 4 4
B{;kowc 277 291 8 8 Round Robin Tournament
Potro Results for 1000 round robin tournaments were
Total 28 28 28 28 simulated using the above predicted pairwise

probabilities. The average number of matches won
by each player in these tournaments appear in Table
5. The rankings based on these averages are clearly
identical to those obtained in Table 3.

Table 3: Ranking based on the row sum of predicted
pairwise probabilities for winning

Also of interest is the consistency of the players.
Roddick and Nadal have the lowest standard
Table 4 shows how the eigenvalues change whenleviations for the number of matches won
each player is removed in turn. It appears thaillin  suggesting that these two players are slightly more
cases the ranking is stronger when there are onlgonsistent than the other players. However, when
seven players than when all eight players areone looks more closely at the simulated results it
included, because the first eigenvalue is slightlyinteresting to find that there is an outright winfer
lower for the eight player ranking (55.58%) than fo only 63.9% of the tournaments, with 24.5% of
any of the seven player rankings. It appears that t tournaments shared between 2 winners and the
strongest ranking emerges when Nadal is removedemaining 11.6% of tournaments shared between 3-6
and the weakest ranking emerges when Roddick isvinners. This, as well as tournament time
removed. However, in only one case, when Murrayrestrictions, means that round robin tournamergs ar
is removed, is there a change in the rankings. Thisot usually a feasible option at this level of tisnn
suggests that the row sum of winning probabilitiesWe now consider the results for a simulation of
produces a ranking system which is robust to theresults for 10000 knockout tournaments, which are,
withdrawal of any one of the top eight players, of course, the most popular form of tournament for
confirming that a ranking system based on the rowelite players.

Sensitivity of Rankingsto Individual Players
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tournaments shows a major change in the rankings.
Although Federer and Nadal are consistently in the
top two positions there are plenty of differences f
the other players. Djokovic and Murray move up to
positions 3 and 4 in the case of knockouts, while
Roddick and Sorderling and Davydenko move
down.

We now consider Ladder Tournaments which
assume an initial ladder and allow a number of
challenges. Of particular interest in this cas¢his
number of challenges required for the ranking to
stabilize.

Ladder Tournaments

Player Mean Standard Ranking
Deviation
Federer 423 1.32 1
Roddick 3.07 1.26 6
Davydenko 3.78 1.30 3
Sorderling 297 1.33 7
Nadal 3.96 1.28 2
Murray 3.56 1.32 5
Djokovic 3.65 1.32 4
Del Potro 2.79 1.32 8
Total 28 28
Table 5: Rankings for 1000 Round Robin
Tournaments

Knockout Tour naments

In our analyses we use the 2009 KAN-Soft rankings
to suggest the initial ladder. This means that the
order of play for the initial ladder challenge tolis

Two different types of knockout tournament are the pattern shown in Table 7. This initial seriés o
considered. The first simulation assumes a randonfnatches is referred to as the first ladder chadeng
knockout in that players are randomly assigned toP€low. Figure 2 illustrates the mean average

divisions, while in the second simulation, referted

rankings for 1000 simulations for one up to 1000

as a “seeded” knockout, Federer and Nadal aréuch ladder challenges.

placed in separate divisions as is common fordpe t
seeded players, in order to improve the chances
the top seeds reaching the final.

Table 6 clearly shows that the seeded knocko
tournament strategy is beneficial for the top seed
The simulation shows Federer winning 31.6% of th
seeded knockout tournaments and reaching the fir
in a further 22.2% of these tournaments, whereas,
the random knockout tournaments, he wins onl
23.5% of these tournaments and reaches the final
only a further 13.1% of these tournaments.

Random Knockout  Seeded Knockout

Player Win Final Rank Win Final Rank
Federer 235 131 1 316 222 1
Roddick 6.2 125 7 43 58 8
Davydenko 105 16.9 5 84 88 5
Sorderling 80 105 6 57 84 6
Nadal 204 120 2 184 176 2
Murray 120 134 4 124 135 4
Djokovic 143 115 3 141 152 3
Del Potro 52 102 8 49 84 7

Oh. Federer plays Nadal deciding rank 1

ut. If Federer wins then Nadal plays Djokovic.
sOtherwise Federer plays Djokovic. This match
edecides rank 2.
al
i c.The winner of (b) plays Murray. This match
ydecides rank 3.
in
d.The winner of (c) plays DelPotro. This match
decides rank 4.

e.The winner of (d) plays Davydenko. This match
decides rank 5.

f.The winner of (e) plays Roddick. This match
decides rank 6.

g.The winner of (f) plays Sorderling. This match
decides ranks 7 and 8.

Table 7: Initial Ladder Challenge based on 2009
KAN-Soft rankings

Table 6: Rankings for 10000 Knockout Tournaments

However, the rankings for random and seeded
knockouts are similar with only Roddick and Del
Potro changing places. However, a comparison of
the results for knockout and round robin
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Figure 3: Rank Standard Deviation plotted against
Figure 2: Average rank plotted against number of  number of ladder challenges on a log scale
ladder challenges on a log scale

Finally, the sensitivity of the rankings to thetial
Figure 2 shows that regardless of the number ofladder is explored in Figure 4. The initial ladder
challenges the players appear to hold their positio Figure 4 has Djokovic at the top of the ladder,
suggesting that it does not really matter how manyFederer at number 2 and Nadal at number 3, but the
ladder challenges are considered. However, for the@emaining players retain the spots allocated tonthe
first 10 ladder challenges the mean rankings movepreviously. The results clearly show that Federer
closer together, perhaps suggesting that rankingsends to move back to the top of the rankings after
should be based on 10 ladder challenges. single ladder challenge and that the rankings bof al

Figure 3 shows the standard deviations for the vabovthe other players are unchanged. This confirms that

rankings. Clearly the standard deviations for theﬂ:lIS rf;l_nklngf systke_m IS n(;)t_ sensﬂnéle tof the |n|tt_|al
rankings grow as the number of ladder challengesal ocation of ranxings and IS capable ol correcting

increases, especially for the higher seeded playersany error in the initial ladder ranking. These fessu

However, the weaker players, such as Sorderlingalso suggest that it is _sufficient to C(_)nsideraxﬂljler
show more stability. Interestingly the standard challenges when setting up a ranking based on the
deviations appear to stabilize after only 10 IadderIaOIder tournament structure

challenges, again suggesting that this might be a

realistic number of ladder challenges to use ireord

to establish rankings. 4. DISCUSSION

This paper has developed a method for estimating
pairwise probabilities for winning matches. This
means that even when two players (or teams) have
never met, it is still possible to estimate theiative
chances of winning a match.
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soor] s Foderr tournaments, even in the case of random knockout
: | Nadal . .
oo tournaments, it was found that the positions of the
o Mhray remaining six players changed when simulated
e knockout tournaments were used to create a
s000r P ranking.
Sorderling
[~ Nuber Cralenges The knockout system has particular importance in

many sports. In tennis in particular, almost all
tournaments use the knockout structure. For this
simulation the best player was defined as thateplay
who had the highest probability of winning the
random knockout tournament, the second best player
was defined as the player with the second highest
probability of winning, etc. We note here that the
effect of alternative definitions might be explored

T
3>

001
0001~
0001~

LI

2 g For example, given four players, the second best
Figure 4: Average rank plotted against number of  pjayer might be considered to be that player who,
ladder challenges on a log scale when Djokovic after the best player has been identified, has the
starts at the top of the ladder highest probability of reaching the final. The wtors

) player might be that player who has the highest
It has been suggested that a ranking system can Qgobability of losing in the first round, or thewest
established by taking the row sum of these estithate probability of reaching the final. Alternatively eth
pairwise probabilities of winning. A sensitivity players might be ordered in terms of their
analysis was conducted in order to assess thet affe(brobabilities of reaching, or they might be ordered
of different scoring systems and player retiren@nt  strictly according to their expected earnings. In
injury on these rankings. No differences in the tennis for example, a typical ‘winnings structuie’
rankings for the best of three set matches and thenat the winner in the final receives $x, the loser
best of five set matches were observed. Similéwty t the final receives $x/2, and the losers in the semi
removal of single players appeared to have no effecfinal receive $x/4. These different definitions for

on the rankings except in the case of Murray.ordering the players may give rise to different
Further sensitivity analyses could be conducted inrankings.

terms of the estimated probabilities of winning and )
also in terms of the probabilities of winning amoi !N the case of the round robin tournament
on serve or return, which were used in the binarySimulations it was assumed that the best player won
logistic regression model to estimate the pairwiseth® most matches, the second best player won the
probabilities of winning. second highest number of matches etc. For a single
tournament this system will not work because tied
We have considered the rankings derived using’€Sults are so common. However, the simulation of
simulated round robin, knockout and ladder 1000 tournaments overcame this problem. In the
tournaments. The purpose of these simulations wa§ase of ladder tournaments one of the aims was to
to allow for random variation in performance, détermine how many (complete) ladder challenges
thereby giving us some idea about the variability i Should be allowed in order to establish a final
rankings that could emerge from such systems iffanking. The results showed that any changes in the
they were employed in practice. The only major "anking (e.g. Djokovic placed at number 1 instefd o
difference between the rankings between these3) Were quickly corrected by the ladder system and
tournament simulations and the original ranking that rankings were not sensitive to the number of
system, based on the row sum of predicted pairwiséadder challenges allowed. However, the simulations
probabilities of winning, occurred in the case of Showed an increase in the standard deviations
knockout tournaments. This is strange, given tie fa @ssociated with the rankings from one to about ten
that the KAN-Soft data used in this analysis wasladder challenges, suggesting that ten ladder
collected using data from knockout tournaments.challenges would give a realistic picture of the

not adversely affected in the case of knockoutSyStem.
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Abstract

In elite AWD field athletic competition (World Chamonships, Paralympics) >20 disability classes may
compete in each field event (e.g. Discus, Javedinot). Logistic considerations require that claskes
combined, which in turn dictates the requirementritra-class comparison. There is a growing dis&adtion
with previous comparison methods based on a coribimaf recent best performances and the curremidwo
record. We show that the use of such a simple systevitably leads to bias and a lack of fairneke to the
small number of results used; and suggest a nfaielsystem in its place.

By utilising a large number of individual perforntas the distribution of performances in any claas loe
shown to follow (asymptotically) a 2-parameter erte-value distribution for a given event. This éarg
number of individual performances is obtained iagice by combining results from a number of défer
elite competitions by modelling specifically: teatad improvements over time; and differences in petition
standards. This threshold-difference reduces as nimaber of throws in a class increases. Athletic
performances are compared as percentiles of tespective distributions, modulo the uncertaintythe
percentile estimate.

A class by class analysis of the throws eventsc{disjavelin and shot) at all Paralympic and World
Championship events ( a total of about 30,000 tkjoshowed that, for the majority of event/class
combinations, a linear quartile-quartile plot wassistent with a 2-paramater extreme-value didiobu The
coefficients of the linear relationship of theseotpl formed the basis of inter-class comparisongl an
uncertainties in these estimates allowed the détatman of significant difference thresholds.

The system can be used objectively to decide outsoim mixed-class competition, and also for setting
qualifying standards systematically. In a few caae®malous results indicated copying/transcripémors in
official results or misclassification of athletes & number of cases these athletes subsequemtgrwent re-
classification). A colleague (Prof. Will HopkinsUA', NZ) suggested a refinement of the methodolaghat

all parameters (class differences, technical imgneants and competition differences) were determinel
single step, using a bootstrapping technique, &gl will be reported on elsewhere. The uncertainty
estimating EV-distribution parameters leads to r@ghold-difference, within which performances mbst
declared equal (a tie). This is an inescapablaufeadf the task of class comparison, and althoughally
overlooked, must be recognised in a fair system.

The methodology is quite general, and can also ds#l 4o compare relative performances across gender,
events (the Meet Champion), and even time, for BO¥D and able-bodied athletes (“the athlete of the
decade”). Ultimately it could be used to place @&mted classes’ (prostheses, drugs, genetics.ap@ven
footing with all other athletes!
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Abstract

The number of obese children is increasing steadily. This is mainly caused by a lack of physical exercise.
Furthermore, those problems are highly correlated with the increasing prevalence of cardiovascular dis-
eases. Health insurance companies are demanding special programs to motivate obese children to exercise
frequently.

This work proposes a computer game to motivate children to physical exercise. Unlike common
acceleration-based games it additionally evaluates the outcome of the cardiovascular system. Our com-
puter game uses a portable chest module, which is mounted on a chest strap. It includes sensors for single
channel ECG, 3D-acceleration, and temperature. All data is transmitted continuously to a desktop computer
by using a 2.4GHz wireless connection.

Our chest module enables the user to evade randomly created obstacles in the game’s scenario by bending
sideways or by jumping and to project the running speed on the agent. These motion patterns are detected
by smoothing and adaptively thresholding the acceleration signal. The heart rate is used to judge the game’s
outcome and is determined by filtering the signal and applying a heuristic scheme.

The performance of the motion pattern recognition was tested with different probands. Bending sideways
is recognized with a sensitivity of 97% and a specificity of 99%. Jumping and running are detected with
a sensitivity of 95% to 100%. The body movements caused a moderate to high cardiovascular strain with
heart rates between 100 to 160 beats per minute. The probands described the interaction with the game as
entertaining and challenging. Combining our chest module with a computer game is an attractive approach
to prevent obesity among children.

Key words: Motion tracking, physiological stress, obesity prevention, cardiovascular diseases

1. INTRODUCTION weight (BMI > P90)!. Furthermore, 6.3% suffer
from obesity (BMI > P97). The highest increase
towards overweight can be found during elemen-

tary school age (Kurth and Rosario (2007)). In

A lack of physical exercise is an increasing prob-
lem in the developed countries. The reasons for
this problem can be found in mainly sitting activi-
ties in school, at work, and in personal life. Conse-
quences are obesity, postural defects or premature
cardiovascular diseases even at young age (Kurth
and Rosario (2007)). In Germany 15% of the
young people between the ages 3-17 have over-

this context regular physical exercise is of impor-
tance (Opper et al. (2007)).
The AOK, the largest German health insurance

I'The statistical data were taken from a study (KiGGS) of
the Robert-Koch-Institute from 2003 to 2006. BMI is short
for Body Mass Index. P90 and P97 stand for overweight and
obesity within the percentile curve of the weight distribution.
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Figure 1: The module mounted on a regular chest belt with
integrated electrodes. The external battery pack is optional,
normally a coin cell is used. The lower part of the figure shows
the receiver for transferring the data to a desktop computer.

company, cooperates with several institutions and
universities to launch projects in kindergarten and
school against obesity. The aim is to introduce ex-
ercise programs and create an understanding for the
importance of sport.

Since 2006, starting with Nintendo Wii, sev-
eral acceleration-based computer games have been
brought to the market. They capture movements
using acceleration sensors. High sales figures in-
dicate the attractiveness and acceptance of this
approach. On the Game Developer Conference
in March 2010 Electronic Arts announced a ver-
sion 2.0 of their ”Sports Active” series which ex-
tends a motion based controller with the oppor-
tunity to measure the heart rate. In conjunction
with a training manager the program will guide the
user through a personal training plan (Steinlechner
(2010)).

Besides of the use as a leisure activity there are
projects utilizing miniaturized motion sensors on
clinical background. “Partnership for the Heart”
(Kohle, Liicke (2007)) is a project of a consortium
led by the university hospital Charité in Berlin. It
links different sensors wirelessly to treat patients
with congestive heart failure in their home environ-
ment. If a critical situation is detected it provides
the possibility to transfer the required medical data
to a tele-health facility for seeking aid. The re-
mote patient monitoring system includes an activ-
ity sensor. This module uses acceleration sensors
to measure the patients motions to guide the pa-
tient through a 6-minute-walk test at home (Jehn et
al. (2009)).

Witkowski et. al (2008) have developed a portable
chest module for measuring body movement and
physiological parameters. Figurel shows the mod-

Module in Obesity Prevention

ule mounted on a chest strap. The module includes
sensors for single channel ECG (Electrocardiogra-
phy), 3D-acceleration, and temperature. Data is
transmitted continuously to a desktop computer us-
ing a 2.4GHz wireless connection.

This work examines how to use this module for
obesity prevention. First the quality of the reg-
istered ECG and acceleration signals is evaluated
to detect the heart rate and motion patterns. Fur-
thermore, a game scenario is developed in which
the module enables the user to evade randomly cre-
ated obstacles using the detected motions. The sce-
nario demands various movements such as running,
jumping and bending sideways to control the agent.
In this way the user is challenged to activate differ-
ent muscle groups. The heart rate is used to mea-
sure the cardiovascular stress and functions as a
feedback loop to adapt game parameters. The chest
module and the game scenario were evaluated with
probands for usability.

The system is designed to be appropriate and at-
tractive for young people to motivate them to train
regular with a training effective level.

This paper is organized as follows. Section 2 out-
lines the signal filtering of the ECG captured with
the chest module and the determination of the heart
rate. Section 3 outlines the signal filtering of the
measured accelerations and the recognition of the
motion patterns running, jumping and bending of
the upper torso. Section 4 states the results of the
performance tests on the pattern recognition and
the game scenario. Section 5 discusses the results
and possible improvements. Section 6 outlines op-
tions for future use of the chest module.

2. Heart Rate Detection

Registering signals on the surface of a moving body
usually causes superposed artifacts of body move-
ments. In addition one observes electromagnetic
interferences (Thakor and Zhu (1991)). The pat-
tern recognition algorithms need to react robust to-
wards these disturbances.

Compared to clinical ECGs which are regis-
tered with self-adhesive electrodes we expect sig-
nificantly more motion-related artifacts (Briine
(2008)). This is mainly caused by the slipping of
the electrodes during movements. Varying contact
resistance and additional myographic contributions
result in noise and a fluctuating signal baseline (fig-
ure 4). Furthermore, the signal quality depends on
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Figure 2: An undisturbed ECG registered with the chest mod-
ule at rest with good conductance between electrodes and skin.
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Figure 3: An ECG disturbed with electromagnetic influences
(high peak at 50Hz in the power spectrum). The ECG was
registered at rest with poor conductance between electrodes
and skin.

the conductance of the electrodes and the closeness
to unshielded electronic devices (figure 2 and fig-
ure 3). Several algorithms for heart rate detection
in clinical ECGs have been published. A popular
approach for QRS? detection has been introduced
by Pan and Tompkin (1985). We have adapted
their method to the observed disturbances in the
ECG-signal registered with the chest module dur-
ing physical exercise.

The signals are filtered to suppress irrelevant sig-
nal components and to accentuate the pitches of
the R-waves®. First a bandpass, implemented as
a combination of an averaging and a median filter,
is applied on the ECG input signal to reduce the
influence of other muscles, electromagnetic distur-

2The QRS-complex describes a series of waves that corre-
spond to the contraction phase of the cardiac chambers.
3The R-wave has the highest pitch within a QRS-complex.
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Figure 4: An ECG disturbed with motion and electrode arti-
facts. The ECG was registered during physical exercise with
good conductance between electrodes and skin.
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Figure 5: An undisturbed ECG (red) and the filter output
(green). The ECG was registered with little movement and
good conductance between electrodes and skin.

bances and baseline variations. Second a gradient
filter accentuates the R-wave and removes compo-
nents with smaller gradients per time, e.g. baseline
variations. The output is squared for pointing out
the QRS-complex and obtaining the absolute value.
Finally a long range averaging filter smoothes the
signal leaving QRS-complexes as peaks in the filter
output with other signal components near the base-
line. Figure 5 and figure 6 show the ECG input and
the filtered signal. To determine the heart rate, the
filtered signal is analyzed for matching threshold-
ing criteria. In this regard the signal filtering highly
influences the performance of the detection algo-
rithm. Strong artifacts may lead to similar charac-
teristics in the filter’s output signal and a heartbeat
is false wise detected when the thresholds are ex-
ceeded. Because it is not to be expected that all
disturbances can be suppressed (Briine (2008)),
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Figure 6: An ECG disturbed with strong motion and electrode
artifacts (red) and the filter output (green). The ECG was reg-
istered during physical exercise and medium conductance be-
tween electrodes and skin.

the detection must check the plausibility of the de-
termined heart rate values to avoid unrealistically
or rapidly changing heart rates. If distinguishing
QRS-complexes from artifacts or noise is not pos-
sible, the detection must pause.

These requirements are implemented in form of a
heuristic algorithm. First the detection is initial-
ized by searching for a regular rhythm consisting
of 9 QRS-complexes. In the filter output QRS-
complexes are peaks with highest amplitudes. The
amplitudes are depending on the physiology of the
user and the conductance of the electrodes. The
routine searching for these QRS-complexes up-
dates the detection threshold to the signal quality of
the last found peak. Typically at the beginning of a
workout the conductance of the electrodes is poor,
but during physical exercise sweat improves the
quality of the captured ECG leading to sharp peaks
with higher amplitudes. As a result the threshold is
increased, fading out noises of smaller amplitudes.
To protect the heart rate detection against distur-
bances, the detection-routine is only called during
a time window when a heartbeat is expected. First,
a initialization phase determines the parameters of
the time window by searching for peaks matching
a series of heartbeats. During this phase the al-
lowed variations from peak to peak narrow down
to approach the heart rate rhythm. The search win-
dow is configured using the arithmetic average of
the last three detected peaks. After the initializa-
tion phase the heart rate is updated by averaging
the last 5 determined values. If there is no heartbeat
found in the given time period, the search interval is
increased. After continuously missing three heart-
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Figure 7: Flow diagram of the heart rate detection algorithm.

beats the initialization routine is called again, as the
heart rate of the user can’t be expected to be the
same.

3. Motion Pattern Recognition

3.1. Detection of Running and Jumping

Typically sensors for detecting the user’s running
speed or jumps are placed near the foot. Compa-
nies like Suunto Oy, Garmin Ltd. and Polar Elec-
tro Oy have foot pods as accessories for their sport
watches. The foot pods are placed on top of the
shoes to capture the strides.

Measuring accelerations in the chest area leads to
different signal shapes as strides and jumps are ab-
sorbed. In this work the placement of the accel-
eration sensor is limited to the chest area as we
want the chest module to be easily attachable on
a chest strap. Furthermore, it is important to take
into account, that strides and jumps are performed
differently by each user and also vary over time be-
cause the body is getting exhausted or the attention
fades. This causes variations in amplitude, width
and form of the signal shapes.

The filtering of the acceleration signals smoothes
and accentuates characteristics of strides and jumps
and suppresses signal parts of irrelevant motions.
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Figure 9: Measured vertical accelerations (red) and the filter
output (green) of 5 jumps performed by proband B as uniform
as possible. The black bar is indicating the threshold and the
time period it must be exceeded for detecting a jump.

Characteristic for strides and jumps are high pitch
rates and amplitudes in the registered signals.
Three criteria are used to recognize the patterns
running and jumping. Therefore, the filtered signal
must continuously exceed a threshold for a given
time period (black bars in figure 8, figure 9 and fig-
ure 10). If a stride or jump is recognized the de-
tection is paused afterwards. We determined that
in the game scenario 2 strides and 1 jump per sec-
ond are distinguishable in the acceleration signals.
The pause provides security for the motion pattern
detection to avoid strong disturbances to be contin-
uously recognized as a stride or jump. The settings
for the criteria were derived from tests with differ-
ent probands.

time sec]

Figure 10: Measured vertical accelerations (red) and the fil-
ter output (green) of 4 strides. The black bar is indicating
the threshold and the time period it must be continuously ex-
ceeded.

3.2. Detection of the Bending Direction of the Up-
per Torso

For the detection, the baseline of the acceleration
signals is analyzed as it varies with the bending di-
rection of the upper torso. The axis of the accelera-
tion sensor which points straight down to earth has
a baseline of 1 g. With changes in the orientation
the gravity effects different axes causing changes
on their baselines. During physical exercise accel-
erations from body movements overlap the under-
lying baseline. A median filter over a time range of
0.5 sec is used to approximate the baseline. The de-
tection distinguishes bending forwards, backwards,
sideways left and right.

In tests with probands we determined the thresh-
olds of the attitude angle and the duration it must be
exceeded. Choosing a longer time period increases
the detection latency but reduces the algorithms re-
sponse towards unwanted movements (specificity).

3.3. Description of the Game Scenario

The game scenario is meant to challenge the user
on a medically sensible cardiovascular stress level
corresponding to a form of endurance sport. Fur-
thermore, the user is challenged to use different
movements to train various groups of muscles. On
the other side the scenario needs to be attractive to
make the user enjoy the workout.

The playing field is generated at random and con-
tains obstacles in form of ditches, holes and nar-
rowing walls. The detected motions are used to
control the game. Therefore, the user’s running
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Figure 11: Playing field designed to be appropriate for young
people.

speed is projected on the agent. Jumping and bend-
ing sideways are used to avoid obstacles. The goal
is to cover as much distances as possible per time.
The effort is rewarded with points covering dis-
tance per time and the complexity of the playing
field. At the moment the heart rate is valued with
points, too. In future it will be used to adapt the
playing field and the game rules to meet a training
effective heart rate zone.

4. RESULTS

The performance of the pattern detection was tested
with three different probands. For the evaluation
of the heart rate detection algorithm ECG records
are grouped in three classes with strong (class 3),
medium (class 2) and only few (class 1) distur-
bances (figure 12). For the evaluation records con-
taining 1729 QRS-complexes (class 3: 192, class 2:
457, class 1: 1080) were manually analyzed. The
outcome is noted in form of a contingency table
and the sensitivity and specificity rate is calculated.
The sensitivity rate describes the detected QRS-
complexes which are correctly identified as such.
The specificity rate states the negatives which are
identified as such. The determined sensitivity rate
in class 3 is 67% , in class 2 87% and in class 1
99%.

Missing consecutively one to three beats is com-
pensated by the algorithm and does not lead to
detection failures. Disturbances of class 3 in the
ECGe-signal are seldom, but can lead to deviations
to the real heart rate. In conclusion the tests showed

Module in Obesity Prevention

class 3 QRS noQRS sum
QRS detected

no detection
class 2 QRS noQRS sum
QRS detected

no detection

class 1 QRS noQRS sum
QRS detected
no detection

strong: baseline variations, moving and electrode artifacts
more than 3 heartbeats continuously missing

medium: baseline variations, moving and electrode artifacts
up to 3 heartbeats continuously missing

few or no artifacts

no heartbeats missing

Figure 12: Contingency table with the results on the perfor-
mance test of the QRS-detection algorithm. The test classi-
fies the recorded ECG-data into three classes. For evaluation
data files containing 1729 QRS-complexes were manually an-
alyzed.

that the heart rate detection is suitable for the pre-
cision needed in this scenario. Running strides are
detected with a sensitivity of 97% and a specificity
of 100% (180 strides were analyzed). The algo-
rithm’s parameters are set to detect strides corre-
sponding to running with moderate speed. It will
pickup other movements as well if they match the
pattern, but this has no disadvantage for our appli-
cation as it shows that the user is physically active.
Jumps are recognized with a sensitivity of 95% and
a specificity of 100% (108 jumps were analyzed).
For the evaluation the probands tried to continu-
ously jump with the demanded intensity. Changes
in the jump technique or trying out movements with
similar characteristics will lead to different sensi-
tivity or specificity rates.

The bending direction of the upper torso is detected
with a sensitivity of 97% and a specificity of 99%
(114 bendings were analyzed). As described, a
high reliability of the recognition is achieved by
taking into account signal values over a long time
range of 0.5 sec. To control a game this latency is
high and demands a game scenario with foresight-
ful acting. Overall the system requests the coordi-
nation of different movements and caused a cardio-
vascular stress level with heart rates between 100
to 160 beats per minute.
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running detection  step no step sum specificity 0.97
step detected 180 6 186 sensitivity 1.00

no detection 0 180 180

sum 180 186 732
jump detection jump nojump  sum specificity 1.00

jump detected 103 0 103 sensitivity 0.95
no detection 5 181 186
sum 108 181 578

leaning detection = leaning no leaning sum specificity 0.99

leaning detected 111 1 112 sensitivity 0.97
no detection 3 120 123
sum 114 121 470

Figure 13: Contingency table with the results of the perfor-
mance test on the motion pattern detection. For evaluation
data files containing 180 strides, 108 jumps and 114 bendings
of the upper torso were manually analyzed.

S. DISCUSSION

The tests showed that a correct position of the chest
strap is important. It should be placed tight under
the pectoral muscle to avoid slipping which causes
disturbances in the ECG and acceleration signals.
The user should also wet the electrodes with water
in advance. This increases the conductance and re-
duces the noise level of the ECG signal.

As already mentioned measuring accelerations in
the chest area has disadvantages for the recognition
of strides and jumps. However the results show that
the precision of the detection suits the requirements
of the given game scenario. In future it should
be researched if the accuracy can be increased by
adapting the algorithm’s parameters to the user and
environmental conditions. Furthermore, it should
be checked if this suppresses unwanted movements
to greater extend and whether the latency of the
bending detection can be reduced. This could be
done using an initialization step in advance or by
continuously learning optimal thresholds from the
user’s actions.

Ongoing tests should be extended with more
probands to acquire statistically more sufficient
data. Furthermore, tests with probands coming
from non technical background are necessary to an-
alyze the usability of the game controller.

6. CONCLUSIONS

This work analyzed the quality of the signals regis-
tered with the custom-made chest module. We ex-
amined its use as a game controller which addition-

ally allows measuring the cardiovascular outcome.
In the tests the probands felt challenged and it could
be shown that the developed algorithms are able
to recognize the motion patterns running, jumping
and bending as well as the heart rate with a preci-
sion suitable for the game scenario. In conclusion
the system could be used as part of an attractive ap-
proach to prevent obesity among children.

Different extensions or applications for the use of
the system will be investigated. The game speed or
the complexity level of the playing field could be
adjusted to the measured cardiovascular stress level
to match a personal training plan. A game scenario
in form of a ”Drill Instructor” could define a se-
ries of movements and monitor their correct execu-
tion. In this context not the latency of the detection
but its precision is of importance. Furthermore the
chest module can be used for applications in the
field of ambient assisted living or tele-health, for
example to transmit ECG data in case of an emer-

gency.
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Abstract

The aim of this study was to investigate the eftédhe shape of a taper on elite cyclists’ periange. Training and
performance data were collected from two elite fienwyclists over an extended period. Daily trainlngd was
guantified using a modified TRIMP (PTRIMP) and merhance was quantified using a technique whichutaies
performance from power data recorded during ratés. training load (PTRIMP) for the 3 days prior éach
performance was analysed using a data mining appradereby the time series is transformed into rbsfic
representation. Symbolic Aggregate approXimatiBi\X) was the method used for the transformationXSA
divides the distribution space of the time serigs ia user-defined number of equiprobable regioBach region
was assigned a symbol, and then each point irirtfeederies was mapped to the symbol correspondititetregion
in which it resides. The resulting symbolic repreaéon thus described the shape of the trainirgl Iprior to a
performance. The shapes identified were grouped 4ntategories (low, high tail, low tail and higfje main
effect of taper shape on performance was signifil@nboth subjectsH(3, 22) = 4.2p < 0.05,MSE = 0.5) and
(F(3,18) = 3.9,p < 0.05,MSE = 0.3). There was considerable inter-athlete défiee in optimal taper shape. The
results indicate that this novel approach to idgintj and examining the impact of taper shape aawige useful
information to athletes and coaches in planningntbst effective taper. Future work could exterid technique to
identify the patterns of training load in trainingicrocycles, and relate these patterns to fatiguk merformance
measures.

Keywords: taper, performance, shape, data mining

1. INTRODUCTION Mujika, 2007). The key elements to manipulate in
determining an optimal taper include; the magnitatie
The taper can be defined as a period of reducedriga  reduction in training volume; training intensity;
prior to a competition, undertaken with the aim of duration of the taper, and; the pattern of the rtape
achieving peak performance at the desired time(Pyne, Mujika & Reilly, 2009).
(Thomas, Mujika & Busso, 2009). It is of paramount
importance in the preparation of athletes for Uncertainty exists about the optimal design of geta
competitions (Pyne, Mujika & Reilly, 2009). (Mujika & Padilla, 2003). In a meta-analysis study
Bosquet, Montpetit, Arvisais & Mujika (2007)
The effectiveness of a taper as reported in thealitire ~ suggested that training volume should be reduced by
varies, however the improvement in performance is41-60% over a two-week taper, without any
usually in the range of 0.5-6%. A realistic goat fo modification to training intensity or frequency. &h
performance improvement as the result of a taper isound that reducing training volume elicited a
about 3% (Mujika & Padilla, 2003). In competitive performance improvement approximately twice that
athletes such modest improvements are important. Ayained by modifying either training intensity or
worthwhile improvement for top-ranked athletes is frequency.
estimated to be in the range of 0.5-3.0% for evsuth
as endurance cycling (Hopkins, Hawley & Burke, A number of taper patterns have been described and
1999). investigated in the literature. Training load cae b
The aim of the taper is to reduce accumulateditrgin  reduced in the form of a simple step — where the is
induced fatigue, while retaining or further enhawgci  suddenly reduced and then maintained at the same lo
physical fitness (Bosquet, Montpetit, Arvisais & level; or it can be reduced progressively, eithéhwa
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constant linear slope, or with an exponential decay
(Thomas, Mujika & Busso, 2009; Mujika & Padilla, 2. METHOD
2003). There is evidence to suggest that a prageess Two female elite cyclists provided data for thedstu
taper is to be preferred (Bosquet, Montpetit, Axiss& over a period of 250 and 870 days respectively. An
Mujika, 2007; Banister, Carter & Zarkadas, 1999). SRM power monitor (professional model, Schoeberer
Rad Messtechnik, Germany) was fitted to each
Little research has been done on more complicatedubject’s bike(s) over the data collection periedwer
taper patterns. One such study looked at the effieat  data from all rides (training and racing) was cegduat
two-phase taper. This model study found that tee3a 1Hz. In accordance with operator instructions, $RRM
days of the taper were optimised with a 20 to 30%was zeroed prior to the start of each session. SR
increase in training load. In the modelled respans#h  files were imported into a custom-built program floe
a two-phase approach allowed for additional fithesscalculation of training load (PTRIMP) and
adaptations to be made in the final 3 days, withoutperformance.
compromising the removal of fatigue. The magnitude
of the performance gain is questionable (0.01),Quantifying Training Load
however, over the optimal linear taper (Thomas,The following steps were taken to calculate PTRIMP.
Mujika & Busso, 2009). The power data was first smoothed by taking 3 mglli
Much of the literature provides generalised guitkedi  averages, of durations of 5s, 30s, and 4mins. Béch
on designing an optimal taper. It must be noted,the smoothed points was then given a weight, which
however, that individual responses to training vaigt calculated by determining the percentage the point
all athletes respond equally to the training uradesh  represents of the athlete’s Maximal Mean Power
during a taper, and tapering strategies must b€MMP) for that duration. The percentage is then
individualised (Mujika, 2009). Individual profilesf multiplied by an exponential formula (refer to etjoa
training adaptation and the time course of de-tngin (1)). The weight of each point, for each of the 3
need to be considered in determining optimal tapersmoothed datasets is then added together to degermi

duration (Mujika & Padilla, 2003). PTRIMP (refer to equation (2)).
The positive performance results of the two-phapert
in modelling work done by Thomas, Mujika and Busso n—1
(2009) suggests that further investigation intoiropt PTRIMP(s) = Z pi Xe. (1)
taper shapes is warranted.
i=1

The purpose of this study was to investigate tlecef

of the shape of a taper on elite cyclists’ perfanosg where ¢ = exponential curve based on MMP.
and to determine if individual differences in opdim

taper shape exist between athletes. We aim to

investigate these aspects from a novel angle -ugftro

symbolisation of taper time series information and

subsequent relation of the taper shape to perfazenan

PTRIMP(55)+ PTRIMP(30s) + PTRIMP(240s)
1000 '

PTEIMPE = 2
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Figure 1. Comparison of the area under the MMP cure between an athlete’s personal best, and a
Performance A.

A record of MMPs for 5s, 30s, and 4mins achieved bySymbolic Aggregate Approximation
the athlete was kept, and updated when a new pdrsonSymbolic Aggregate approXimation (SAX) allows a

best was achieved. time-series of arbitrary length to be reduced to a
string of arbitrary lengtlw. The alphabet size used is
Quantifying Performance also an arbitrary integer (Lin, Keogh, Lonardi &iCh

Each athlete kept a training diary, which was used 2003). The process involves firstly normalising the
identify races. Performances were included in thetime series to have a mean of zero and a standard
dataset when training data existed for the thregs da deviation of one. A series of breakpoints are idieat
prior to the performance. Twenty-six performancesthat divide a Gaussian distribution up im@umber of
were identified for Subject A, and 22 for Subject B equiprobable regions. These breakpoints are used to
map each data point into symbols, such that a data
A curve was created from the MMPs for time point lower than the smallest breakpoint will be
durations from 5s to 20min for the power file from mapped to the symbol ‘a’, a point greater thancuag¢
which performance was calculated. The area under thto the smallest breakpoint but smaller than thet nex
curve was then compared to that of the athlete’sbreakpoint will be mapped to ‘b’ and so on (refer t
maximum MMP profile at the time of the performance Figure 2).
(refer to Figure 1). The definite integral was cidted
using the trapezium rule. A time series consisting of the three days trainoay
(PTRIMP) in the lead up to a performance was crkate
The durations for which MMP were recorded were atThe Matlab code of Lin, Keogh, Lonardi and Chiu
regular intervals from 5s to 20min. These duratiares (2002 & 2003) was used to discretise the time sesfe
chosen to represent a spectrum of energy systerRTRIMP data. The code was customised in two areas.
contributions. For durations of up to approximat&y A change was made such that normalisation of the ti
seconds, energy is predominantly supplied by theseries was performed based on the entire serig®rra
anaerobic alactic system. From around 10 seconds tthan just on the current ‘window’ of data. The code
approximately 60 seconds, energy is predominantlywhich performs numerosity reduction was also
supplied by the anaerobic lactic system. Beyond, thi removed. A window size of three days and an alphabe
the contribution of the aerobic energy systemsize of three were used. An alphabet size of tivas
increasingly becomes the major contributor (Gore,selected as a good compromise enabling the creation
2000). The range in durations thus theoreticallya usable number of patterns whilst maintaining
balanced out the effects of different types of sace reasonable statistical power.
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Figure 2. Predetermined breakpoints are used to lmak the feature space into equiprobable regions. Eh
data point is mapped to the symbol of the region italls in.

The result was a sequence of three strings for 8ach The Performance dataset for one subject contained a
day taper period, representing the shape of thert#p  outlier. This (worst) performance was capped at -
result of ‘321’, for example, represented conseeuti 155000(au).
days of high, medium and low training respectively.

The Performance data was transformed by taking the
Taper Shapes natural log of Performance. A constant was added to
The symbolised taper time series allowed differentPerformance so that all values were positive ptior
taper “shapes” to be identified. A number of transformation. As performance is measured in
categorisation schemes were tested. Analysis of tharbitrary values (au), it was judged no informatioas
data suggested that the training load of the déyré@  lost in this process.
performance had the greatest effect on the subeeque
performance. It also suggested that a training wfa®l  Satistical Analysis
(high) on the final taper day was highly represdrite The Shapiro-Wilk normality test was performed to
tapers resulting in poor performances. Using thisverify the normality of the distribution. A two-way
knowledge a grouping scheme with four categories wa analysis of variance (ANOVA) confirmed that a
developed (low, high-tail, low-tail and high). Awo significant interaction effect between subject &moer
taper contained any combination of low to mediumshape was present. Subsequently, the difference
training loads. A high tail taper contained low to between the taper shapes was compared using a one-
medium training loads on days one and two, andja hi way analysis of variance (ANOVA). The scale
load on day three. A low tail taper consisted dfigh proposed by Cohen (1988) was used for interpretatio
training load on days one and/or two, and low toThe magnitude of the difference was considereceeith
medium loads on day three. A high taper includedsmall (0.2), moderate (0.5), or large (0.8).Thé¢istiaal
tapers with a high training load on days one antior, power for the effect size was determined to inéiche

and a high load on day three. probability of correctly rejecting a false null
hypothesis. Statistics were calculated using the R
Data Pre-Processing Statistical Package Version 2.6.1 (The R Develogmen

SRM files occasionally include short durations of Core) and the package Rcmdr (version 1.3-15).
spurious power readings. Such spurious data points
were identified and removed.



3. RESULTS

(for raw data refer to Table 1). The main effectagfer

Churchill, T. Sharma, D. and Balachandran, B. M. 79

shape on performance was significant for both Siuibje
A (F(3, 22) = 4.2p < 0.05,MSE = 0.5) and Subject B
Significant differences were observed in the mean o (F(3,18) = 3.9p < 0.05MSE = 0.3). The effect of each
performances grouped by taper shape between ssibjed@per group on performance showed considerable

variation between subjects (refer to Figure 3).

Table 1. Mean and standard deviation (SD) of perfanance grouped by taper shape for each subject.

115
|

Mean of Performance

1.0

Mean SD n
Group Subject A | Subject B | Subject A | Subject B | Subject A | Subject B
High 11.28 11.36 0.36 0.27 5 4
high
tail 11.15 11.48 0.23 0.33 3 4
Low 11.83 11.29 0.38 0.25 8 8
low tail 11.56 11.78 0.33 0.28 10 6
Plot of Means with 95% Confidence Intervals
Lo ]
o —— Subject A
-&-- Subject B

[
high

high tail

T
low

Shape Category

T
low tail

Figure 3. Plot of mean performance for each subjecgrouped by category. Error bars show 95% confidece
intervals. This plot shows the variation between dajects in their reaction to different taper shapes.



The most effective taper for Subject A was a “low” with relatively low levels of fatigue, higher traig
taper, where combinations of low to medium training loads would not have the negative effect on overall
days were performed. The least effective taper avas fatigue that they would for Subject A. Thomas, Maiji
“high tail” taper, where low to medium training was and Busso (2009) suggest that a moderate increase i
performed in days one and two, and a high trainingtraining load in the final 3 days of a taper calowl
load was undertaken on day three. Using Cohenle sca adaptations to training to occur without comprongsi
(Cohen, 1988) the effect size between the “low” andfatigue minimisation.
the “high tail” taper was classified as large. The
statistical power was 97.5% (5% error level). WhenThe experimental design did not consider the tngni
expressed as a percentage, this was a 6.1%ad prior to the final 3 days of taper before a
improvement in performance. performance. Previous work by the researchers
(Churchill, Sharma & Balachandran, 2009) suggested
The most effective taper for Subject B was a “le’'t  that training load over the 3 days before a peréorce
where a high training load was undertaken on dags o had the highest correlation with performance. The
and/or two, and a low training load undertaken ag d current research could be extended by modelling the
three. The least effective taper for Subject B Wes  training load in the 4-11 days prior to the 3-dayipd
“low” taper. Using Cohen’s scale (Cohen, 1988) thestudied. Such an extension could potentially deiteem
effect size between the “low tail” and the “low’per  whether the level of training-induced fatigue brbug
was classified as large. The statistical power 92d4%  into the taper period affects the optimal shapehef
(5% error level). When expressed as a percenthge, t taper, as hypothesised.
was a 4.4% improvement in performance.
The training load quantification method (PTRIMP)
aggregates the volume and intensity of trainingis Th
4. DISCUSSION means it is not possible to distinguish the specifi
influence of training intensity during the taperherl
The results show considerable variance betweemodel we have developed can determine the optimal
individuals in their response to a taper. A twoywa shape of training load within a taper, but can not
ANOVA showed that the interaction effects betweenprovide guidance on the optimal balance between
taper shape and subject was significant. Combitlieg  training duration and intensity during the tapehefie
results of both subjects was considered inapprtpria is general agreement in the literature that intgnsi
The subjects for this study were reasonablyshould be maintained in the taper (e.g Mujika &
homogenous — both female elite cyclists. TaperingPadilla, 2003; Pyne, Mujika & Reilly, 2009; Bosquet
advice in the literature is frequently generalisedoss  Montpetit, Arvisais & Mujika, 2007), and this iseth
genders, between different sports, and betweenetlai general practice followed by the subjects.
athletes and elite athletes. These results sugbast
specific tapering advice can not be provided using In this study, crisp boundaries were used in
generalist model. determining the breakpoints in the symbolisation
process. Crisp boundaries result in some losstaf da
The “low” taper shape was associated with the tighe two similar training load values positioned eittséde
mean performance for Subject A, and the lowest meamf a boundary will be treated as different categmri
performance for Subject B. The optimal taper may bealthough the actual difference in values is small.
influenced by the intensity and volume of the tiagn  Removing crisp boundaries in favour of fuzzy
preceding the taper. Those who train harder angelon boundaries would remove this potential issue.
may require a longer taper to enable them to ragove
while those with less training require a shortgretato  This research studied the effect of different taper
minimise loss of fithess (Kubukeli, Noakes, & Des)ni shapes on performance in actual competitions. Few
2002). One possible explanation for the variance instudies have used data from real world training and
taper effect observed is that Subject A tendedatoyc performance data. The relationship  between
more fatigue into the final 3 days of training, doea  performance in tests and performance in events was
higher training load in the preceding training eycl questioned by Hopkins, Hawley & Burke (1999), and
Thus, a low training load in the taper allowed fiocore  how a change in performance in a test translates to
effective dissipation of fatigue, resulting in hegh performance change in a competition remains
performance. uncertain.
The most effective taper shape for Subject B was th
“low tail” shape. If Subject B went into the finaldays
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Performance tests in competition are affected by
external factors, such as climatic conditions, itact
drafting, terrain and varying competition typeangi
trials, hilly road races, flat road races and ciitas are

all race types included in this study’'s dataset)ctt
factors are either not applicable, or can be cdietto
for, in a lab situation. The fact that the effeeesof the
different taper shape treatments is significantdoth
subjects indicates that the model developed isstpbu
however.

The use of field-derived model inputs makes thiglelo
a practical tool for the planning of a taper to indze
competition performance. The relatively minimal adat
collection requirements make it feasible for elite
athletes to provide data without interfering witteir
normal training and racing.

5. CONCLUSION

This paper describes a model which uses power data

from a cyclist's training and races to determine an
optimal individualised taper strategy for the final
days before a competition. The model uses a novel
application of a symbolisation technique to enable
examination of the shape of a taper. The resultbief
study suggest that taper responses are highlyichdily
and can not be generalised. The use of field-derive
model inputs makes this model a practical tooltfa
planning of a taper to maximise competition
performance. Future work could extend this techaiqu
to identify the patterns of training load in traigi
microcycles, and relate these patterns to fatigug a
performance measures.
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Abstract

Weightlifting has been the subject of research amearld scholars since a long time ago. Previogeagch
mainly focused on biomechanical and kinesiologieabects, whereas in recent years, simulation of
weightlifting motion has come to the forefront. Hower, there is an evident lack of data on modeding
simulation of this motion from biomechanical antdatic aspects.

In this paper, snatch technique of weightliftings Hleen modeled from a biomechanical perspectivéghwh
includes physical joint constraints, muscle strenghd the typical snatch technique; and by applyimeg
proposed model it is possible to model the motitom start to finish in a given time, for an atieletf known
weight and stature, and present the suitable optimmotion as output. Using motion analysis equipnaard
comparison of athlete’s motion with that of the mbdve can improve the performance of novice agisléd
prepare them for medal attainment in competitiditee model output accurately replicates the biomeichh
details such as the new elite athletes’ techniqdeuble knee bending in which the knee initiallyeexis and
then flexes so as to reduce the reaction torquehande decreasing injury risks. The weightliftimdpaot has
been modeled with a Lie algebraic formulation amel tesultant problem is solved as a parameter reomstl
optimal control problem.

Keywords Snatch, Weightlifting, Optimal Control, Lie Algely Double Knee Bending

1. INTRODUCTION model that gives a simplified representation of
physical system under study.
Barbell Trajectory and other dynamic characteristic The snatch technique requires the barbell to bedlif
of moation, like displacement and velocity of batbel from the floor to a straight-arm overhead position
during the Snatch Lift Techniqubave garnered one continuous movement (Garhammer, 1989).The
widespread interest for the last few yeddgveral ~movement as a whole includes six phases, as shown
researches investigated by Isakd al (1996), in Figure 1: the first pull (a), the transition fnothe
Baumannet al. (1988), Gourgouliset al. (2000), first to the second pull (b), the second pull tbe
Byrd (2001), Garhammer (2001) and Schilligigal. turnover under the barbell (d), the catch phase (e)
(2002), evaluated optimum barbell trajectory and rising from the squat position (f )(Baumagtn
experimentally according to the percentage of theal., 1988).The first five phases are considered to be
athletes’ success, aimed to answer researclthe most important phases of the lift (Baumaatn
questions by investigating the relationships betwee al., 1988). They occur in less than 1 s and, as such,
variables using quantities data obtained in aninvolve a high power output (Isaket al, 1996).
experiment and assessing the significance of thdn recent years, some researches introduced
results statistically. Theoretical approaches tooptimized patterns for lifting tasks using actugtin
answering a research question typically employ atorque as a mechanical parameter.
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Vertical reference line 01 to O5 respectively. Therefore we used this
/ O model.
The redundancy of degrees of freedom makes it

O O possible to have an optimum motion pattern.
@)
Q
J
(@) ’ (b) ' © ’ (

d)[ (e)'m’

¥

Figure 1: The phases of the snatch: (a) the firlif () transition
from the first to the second pull, (c) the second, p
(d) turnover under the barbell, (e) the catch phdse
rising from the squat position.

/ (8 74]
For example, investigating the differences in motio Hl
patterns for goal-directed lifting by considering
biomechanical constraints or  physiological
responses and the redundancy of degrees of freedo
made it possible to have an optimum motion pattern or =
(Parket al2005).But because of its complexity this
method for weightlifting was not widely used.
Using double knee bending technique, which is

unique to weight lifting, permits reemployment of The minimum-effort optimal control problem for

powerful knee extensor muscles through theirthis system describes as (Martin and Bobrow 1999):
strongest range of motion. Capability of optimal pinimize t where

control theory for sport activitiesncourage us to t

apply this method to optimize the whole motion of (@) :ij'nrnzdt (1)
snatch lift and a mathematical model based on 2

dynamic principles to predict the barbell trajegtor 0

which minimized the specific criterion is formuldte  Now 1 is given by motion equation as follow:

ql

Figure 2: Biomechanical Model of a Weightlifter

2. METHODS M(Q)d+ ha,q) =1 @

] ) , whereM () shows the r{ x n) inertia matrix and
To effectively devise a mathematical model of the . . . . -
human's physical properties, the five-link model is '(c%d) consists of Coriolis and gravity and friction

employed to analyze lifting Tasks which have beenvectors andqUU " roo”

used in several researches. Bounds on the joint coordinate and initial and ffina
By simplifying comprehensive model for conditions are primarily shown as follows:
weightlifting which has been introduced by Chaffin q<q(t)<g , qgoon €]

and Anderson (1991), to a sagittal plane model, the—

body segments are modelled with solid links and q(0) =g, , §0)=0
body joints to simple revolute joints. The schemati _ . _ 4)
diagram of this model which is made by five links q(ti)=ar . q(t;)=0

and also five body joints, used by like Chagtgal.  whereq and g are specified values andis the final
(2001), Menegaldcet al. (2003) and Parlet al. -
(2005) is shown in Figure 2. L1 to L5 representshi
thigh, trunk, upper arm and forearm, respectively
and ankle, knee, hip, shoulder and elbow are name

time.

In order to solve the optimal control problem it is
ssumed that joint coordinates are B-splines where

their curves depend oB(t) basic functions ,and
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P={pwup>,....a, vector of control inputs, where an optimal motion by minimizing actuating torques

p, 00" ,i.=1...m . Therefore thenjdrajectory as our performance criterion. We have used
turns toq = q(t, P) where: minimumtorquechange principle introduced by
m Uno et al (1989) and penalized it with maximum
q(t,P) = B, (1) p; muscle force by introducing cost function as:
; ' ' m ®) Minimize P where
Considering the fact thap_ Bi (1) =1 boundary J(P) =

i=1
conditions of joint movements in (3) can be repthce
with boundary of spline parameteps and therefore

the parametric optimal control problem can be

described as follow: ts
Minimize P where C- arclen(bar(P))]O +

ty

¢ j |7t P).costz(t, P))|dt +
0

X © cs.(min(bar, (P)) - bar, (P))* -

_ 2

J(P)—E_([”T(t. P)| dt c,.max(ar, (P))] eXPue eXPuk (8)
Subject to The first term of Equation (8) which describes the

@) torquechange cost function is multiplying with
another cost function which penalizes the deviation
tfrom maximum muscle torque as follow:

gspisq , i=1..m
accompanied by the boundary conditions in (4).Join
torque can also be calculated for each P vectogusi  cost (7(t, P)) = penalize(z(t, P)/rmax(t, P))

amended Newton-Euler recursive dynamic approach
based on Product of Exponentials which can be (if|)<1£1)
expk) otherwise

easily solved using computing techniques. penalize(x) :{

Our intended purpose is to propose a model for . ' ) ) )
weightlifting robot with a Lie algebraic formulati ~ AS it can be seen in equation (9) this cost fumctio
which does not consider the experimental trajectoryP€nalizes the torques which is greater than the
as the input of simulation and not only solvestsa Maximum muscle torque in exponential form and

constrained optimal control problem but, as wal, i Others will remain the same. The second term of
in accordance with the experimental results . equation (8) which shows the barbell trajectory in

The force exerted by a muscle is a function of theShatch lift helps us to optimize the barbell tregeg
activation level and the maximum muscle force. AsWhich minimizes the torquehange cost.

indicz_;\ted by \_(egdomzt al(2006), a four parameter  5cclen (bar(P)) =

function consisting of two rectangular hyperbolas
was used to model the torque/angular velocity I\/Obar(P)lax)z +(0bar(P)/6y)2dt (10)
relationship while the activation/angular velocity _ )

relationship was modelled using a three parametef Nird and fourth terms of cost function (8) represe
function for high concentric velocities. The protuc Minimum and maximum vertical heigat barbellin

of these two functions gave a seven parametthe whole motion, respectively. Minimum vertical
function which best models the torque/angular height of barbellmin(bar,(P)), should be greater

velocity, therefore we used this model and extendednhan vertical height at the start poibar,(P) and

it for other muscles. . . . .
any difference also penalizes in exponential form.

Control constraints term is used for the inequediti ina th f . ith : ical
defining limitation on torques acting on the system Decreasing the cost function with maximum vertica
height of the barbell, results in more extension of

and the redundancy of degrees of freedom in OrdeBod during snatch lift
to (i) provide a continuous motion (ii) limit the y _ 9 / 441 (11)
motion by human’s joints and torques boundarieSXPHF _(CS'(maXthip) MaXCane) ~M1))" +

(iif) minimize the proposed cost function from a _ 4
biomechanical point of view. Therefore an optimal €XPhk = (Ce-(MaXChip)/ MaXEanae) ~T5))" +1 (12)

control problem is formulated. We aim to generate

(9)
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Double knee bending (DKB) technique indicates in between the first and the second pull. Figure 4
equation (11) and (12). Since applying torque onshows the diagram of the vertical barbell velocity
knee joint is 3 times less than on hip and iswhich changes with the time during snatch lift. It
regardless to weight of athlete and barbell, experican be observed here that vertical velocity first
weightlifters use this technique to reduce theincreases and decreases when the barbell is moving
reaction torque and hence decrease injury risks. toward the final position.

and r, coefficients are obtained from experimental - ——
data andc; coefficients used to equal terms of cost * e
function. Eliminating these coefficients result in ) — \
ignoring the lower order terms. 4 '

3. RESULTS

Barbell velocity

The problem was solved for a weightlifter with y \
60 kg mass who lifts a 143 kg barbell by snatch .
technique. Other dimensional parameters were

calculated based on this information. Actuating -

torques of all joints and starting and ending asgle T Ti::-:a(s) woomm e
We_re used_as |nd|pated in Be_lrtometz (1996). Barbel Figure 4: Optimized vertical velocityf barbell during snatch lift
trajectory is considered during the start of snatch

from the barbell lift-off until the start of catgthase
in 1 second is shown in Figure 3.

Figure 5 illustrates curves for joint angular
displacements including ankle, knee and trunk @ th
Vertical reference line sagittal plane to determine the movement of the leg

T and the trunk with respect to horizontal axis (as
described in experimental graphs).

Body Angles

turnover and catch
160

140 /

A

e

second pull

transition

vertical displacement (m)

;
|
5
/

first pull

—&— Ankle
—+— Knee
Trunk

+ 0.1

I —
0 \\ﬁ/
0 01 0,2 0.3

horizontal displacement (m) 0 o1 02 03 04 . EIS( ) 06
ime ()

Figure 5: lower-limb angular velocities during siatift

o7 08 039 1

Figure 3: Optimized and experimental barbell tragpcduring
snatch lift

A good agreement could be seen between theThe reason why the curves in above diagram are in a
optimized trajectory and experimental results foundgOOd agreement with experlr_nental g_rgphs_ as the
by Gourgouliset al (2000) and also this model b_arl_aell_ moves tovyard the final position is the
follows the concavity and convexity compared with S|m|_lar|ty between simulated aﬂd real motion.

similar research by Nejadiat al. (2007, 2008). As it .CQUId. be observed, dunng the f|rst_p_ull, the
From a biomechanical point of view, an effective knee joint is ext_ended and ach|eve_zd a minimum at
snatch lift is characterized by a velocity-time the end of the first pull. After achievement of the
relationship of the barbell in which the vertical minimum knee angle, which marked the start of the

linear velocity of the barbell increases contindgus second p_uII, the.knee IS exp!oswely extended and
reached its maximum extension at the end of the
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second pull. The ankle joint is

continuously during the first pull and then decezhs biomechanical
during the transition phase. During the second, pull moments and also ground reaction force to zerd righ
the ankle joint was explosively extended and after the foot-off phase, as can be observed in
reached its maximum at the end of the second pullexperimental diagrams, are missed here.

which demonstrates essential technique like DKB

1100

extended Since the foot-off phase is not considered in the

model

(Fig.2), decreasing all

Ground Reaction Force

modern weightlifting.

1000

Considering coefficients (11) and (12) in cos

200

function (8) causes the knee joint crosses 90°etwic

as is shown in Figure 5, which describes its flaxic =
and extension. Applying waist-knee torque ratio i =

the cost function forces the output of simulation t
provide a trajectory satisfying this constraint @i

was not considered in past researches.

400

The curves of lower-limb moments including ankle

knee and hip during snatch lift are plotted i =

Figure 6. As shown the great amount of moment |

applied on hip joint and applying torque on knee

[X] 02 03 04 05 06 07 08 08 1
time (=)

joint is the least. The positive moment or negative,:igure 7: Ground reaction force during snatch lift
moment declares that extensor muscle or flexor

muscle is acting.
As the barbell approaches the end of first pulg th
moment on hip joint becomes steady while the

4. DISCUSSION

moment on knee and ankle joint _decreases. Theur optimized model provides Barbell trajectory
moment on the knee decreases continuously over th@hich can be observed as its typical form in

first pull and the knee flexor muscle acts,
accordingly. By starting the second pull phasehal

experimental diagrams during snatch lift. Producing
this optimized trajectory from system motion

moments become positive again and knee and anklgynamics, penalizing actuating torque with human
moments reach their second maximums beforemuscular model and considering the double knee

decreasing. The joint moment-time curves are
approximately similar in different athletes.

Joint Moments

3

—&— Ankle
nex

— Hip

S

0.1 02 03 04 05 05 07 08 09 1
time ()

Figure 6: lower-limb moments during snatch lift

In Figure 7, the ground reaction force (GRF) during

bending technique in our model confirm that
proposed model achieves a relative success to
anticipate the optimal motion in comparison with
other optimizing strategies. This optimization can
apply for training weightlifters to act like the
optimized kinematics parameters or to make their
characteristics like resultant kinetic parameters.
However selecting several parameters such as time
of snatch lift, energy expenditure,... as criteria
which should be minimized during an optimized
shatch lift results in improving the performance of
weightlifter. Introducing and modifying the proper
criterion which is in accordance with human motion
pattern is another advantage of this study and we
believe that we are successful regarding to this
matter. However, lack of data on modeling and
simulation of this motion from biomechanical
aspects is a problem that we experienced.

snatch lift can be observed, which decreases as the
barbell accelerates upward and reaches a minimunk: CONCLUSIONS

at the end of first pull and increases continuotidlly
the barbell reaches its highest position.

Dynamic of the model help us to gain an accurate
and deep understanding of motion and to control and
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improve it during the snatch lift. Obtained results Isaka, T., Okada, J. and Funato, K. (1996). Kinersat
which are in accordance with experimental results Analysis of the Barbell during the Snatch Movement o
confirm the reliability of proposed model due to g!lte ASIhan W?ghggtge?i]gumal of Applied

f i H A : lomechanicslZ: - .
?nc(?tlig\r/]mg a relative success to anticipate themepti Martin, B. J. and Bobrow, J. E.(1999). Minimum-Effort

Aoplvi imized ion duri h it d Motions for Open-Chain Manipulators with Task-
pplying optimized motion during snatch li oes Dependent End-Effector Constraintsinternational

not only help coaches to advise weightlifter about jo(rnal of Robotics Researcts: pp. 213-224

the correct velocity he should reach or the stiengt Nejadian S. L. and Rostami, M. (2007). Mathematical
training he should do to compensate the weakness of Modeling of Snatch Lift Techniquee5th International
particular joint, assists athletes as well to &t the Symposium on Biomechanics in Sports, OBreto —
optimized kinematics parameters with the purpose of Brazil. . .
reducing injury risks and maximizing desirable Nejadian S. L. and Rostami, M. and Towhidkhah F.
training effects. The importance and descending rol ~ (2008)- Optimization of Barbell Trajectory during &h

. . . Snatch Lift Technique By Using Optimal Control,
of each joint during the snatch lift can also be American Journal of Applied Sciences, vol. 5.

identified which are good parameters to show thép 4 W Martin. B.J.. Choe S. Chaffin. D.B. and Ree

practical differences between an actual snatch i p. (2005). Representing and Identifying Alternativ
motion of weightlifter and the ideal optimized one Movement Technique for Goal-Directed Manual Tasks.
which weightlifter could achieve. Journal of Biomechani¢c88: 519-527.

Considering the body movement, physical Schilling, B., Stone, M., O'Brayant, H.S. , Fry, A.C.
characteristics of the various sectors of the Cogllanese, R.H.and Pierce, K.C. (2002). Snatch
movement, muscle strength characteristics of barbel Technique of College National Level Weightlifters.
trajectory of the movement which have a certain 20urnal of Strength and Conditioning Researb6(2):

. . e . 551-555
impact on snatch weightlifting will be the focus of Uno. Y., Kawato, M. and Suzuki, R.( 1989). Formatio
future research.

and Control of Optimal Trajectory in Human Multijoin
Arm Movement,Journal of BiologicalCyberneticsyol.
Acknowledgements 61.

Yeadon, M.R., King, M. A. and Wilson, C. (2006).
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Abstract

This paper describes briefly the development ofHdatatics and Computers in Sport in Australia and/ Ne
Zealand through analysis of papers and presentatiwriMathSport’ biennial conferences. In providiag
context for this analysis it is proposed that Mathtics and Computers in Sport is seen as contnigpub
sports science both directly and indirectly throwgiier science disciplines. Scholars and scierdsssciated
with the ‘MathSport’ group began input into the jaaf knowledge in sports science in the early 1990ss
contribution of research and scholarship has coatirup to the present. The variety of contributiongrms
of different sports, theoretical frameworks and e®df analysis has increased in volume since thyg éays.

Keywords: performance analysis, sports science, compuience

1. INTRODUCTION

This paper describes the history of contribution to
sports science by the MathSport group in Australia
and New Zealand through collaboration and
presentations at biennial conferences. Mathematic: &
and Computers in Sport (MCS) is seen by the éé"
MathSport group as contributing to sports science oé’
through: mathematical and statistical modelling in /
sport; the use of computers in sport; the appbeati /
of these to improve coaching and individual /
performance; and, teaching that combines eromance context
mathematics, computers and sport (ANZIAM,
2008). In placing this view within science in gealer
and sports science specifically, three models arelhe second model (Figure 2) then places sports
proposed, adapted from a concept by Hughesscience in the same triangulated context but
Hughes and Behan (2007). The models are presentedepicting how wider science disciplines and applied
in progression to illustrate how mathematics anddisciplines, such as performance analysis, cort&ibu
computers contribute to the body of knowledge into sports science. The obvious link between sports
sports science and to the enhancement ofcience and performer is reduced here to a single
performance. The first of these (Figure 1) provides linear relationship but this is merely to conneatlo
view of sports science contribution to the perfarme to Figure 1 and does not illustrate the dynamic
with the performer at the centre of the model in amulti-faceted nature of the link.

dynamic environment which includes social,

pedagogical and performance contexts.

Pedagogical Context

Figure 1: A model based on the performer
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profession in Australia, whose mission is to pragnot
and extend mathematical knowledge and its
applications (AustMS, 2008). Within AustMS the
Australia and New Zealand Industrial and Applied
Mathematics division (ANZIAM) supports special
interest groups, one of which is the MathSport grou
(ANZIAM, 2008). This group facilitates forums
within which sports scientists, from Australian and
New Zealand and the wider international
community, interact. The MathSport special interest
group holds biennial meetings - the Australasian
Mathematics and Computers in Sport Conferences
(MathSport, 2008).
The MathSport group was inspired by the
The third model (Figure 3) depicts how mathematicspublication ‘Mathematics of Projectiles in Sport’
and computer science then contributes to the wideand its author Neville de Mestre (1990). The group
science disciplines and, therefore, indirectly to held its first conference at Bond University in 299
sports science (Hammond & de Mestre, 2008).ie. ‘Mathematics and Computers in Sport
Again, the complexity of these relationships cannotConference’. The topics were varied and the
be adequately illustrated in a two-dimensional nhode program included papers on: one-day cricket
but the dynamic environment would continue, albeit (Johnston, 1992) — this subject matter that was to
abstractly, across the second and third model$ecome synonymous with the conference; fell
postulated here. running (Hayes & Norman, 1992); and, combining
mathematics and computer technology for
improving sport, by keynote speaker Jon Patrick
(1992). The 1992 conference saw a lasting
relationship between the conferences and Professor
Stephen Clarke who presented a paper concerning
sports betting and Australian rules football (1992)
topics which have been strong features of the
conferences over the years. The two other keynote
> Mathematics addresses were given by John Croucher (1992) and
David Hoffman (1992) who presented papers
concerning the science of winning and team rating
systems, respectively.
The success of the first conference initiated rstpue
Fig. 3: The contributions of mathematics and corapstience for a fO||0W-up conference, which came to fruition
) ) ) ) ) o in 1994. The number of presentations increased from
This progressive view of intra and inter relatiopsh  wvelve to twenty, with topics including: seven
insports science set the contributions of haners about various aspects of golf (1994); dyoami
mathematics and computer science in a widersgnirol of bobsled by keynote speaker Mont
context. Developments within these elements ofyppard (1994); and, a computerised sports
sports science in Aus'gralas_ia over the Iast eightee counselling program (1994). Stephen Clarke (1994)
years, or so, are described in the next section. also gave a keynote address on rating systems for
racquet sports. Neville de Mestre continued his
involvement as conference organiser and
2. BRIEF HISTORY OF MCSIN proceedings editor in 1994, assisted by Kuldeep
AUSTRALASIA Kumar in 1996, with both conferences being hosted
at Bond University. The 1996 conference saw the
The MathSport group, set up to promote MCS, greWirst appearance at the conference of Tony Lewis
out of members of the Australian Mathematical \yq presented a paper on the famous Duckworth-
Society (AustMS) who had like interests in applying | ewis (D/L) method of calculating target scores in

their discipline to research and scholarship inrfspo 5in interrupted one-day cricket matches (Duckworth
AustMS is the national society of the mathematicsg, | owis 1996). Tony Lewis has proved to be a

Defining MCS

Performance Context Pedagogical Context

Fig. 2: A model of the contributions of sciencespmrts science

A Sports Science Potential

Computer |
Science [\

Performance Context Pedagogical Context
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regular attendee at MCS conferences since thenExpanding Horizons

with continual updates and explanation of thelIn 2004 the conference moved away from Australia
statistical modelling used in the evolving to be hosted by Massey University in New Zealand.
Duckworth-Lewis methods. Keynote speakers wereHugh Morton took on the organiser role and was
Stewart Townend, whose presentation onassisted in the editing of the proceedings by
Mathematical Principles was not published andSelvanayagam Ganesalingam. The program had now
Hugh Morton (1996) who delivered a paper on seen a steady increase in the number of paperg bein
analysis of world records. The 1996 conference alsqresented to reach 30 for the first time (see
saw papers on netball (Noble, 1996) and horseFigure 4).

racing (Benter, Miel & Diane, 1996; Phatarfod,

1996; Kumar, Ganesalingam & Ganesh, 1996) for 3 =

the first time.

30 —1

Up to and Beyond the Sydney Olympics 2 — 1 1
Bond University continued to host the conference in
1998 where the decision was made to move the
conference to Sydney in 2000, being the Sydney
Olympic year. The 1998 conference saw the start of
performance analysis papers through John
Croucher’s keynote address on tennis (1998). Paper
in this emerging area of sports science, at the,tim o
proved to increase in number as the conference 1092 1994 1996 1098 2000 2002 2004 2006 2008
sequence progressed. In 1998 the other two keynot Figure 4 Number of Papers presented at MCS confeseh@92-2008
speakers were Tony Lewis about the D/L model

(1998) and Chris Harman (1998), who delivered aWith New Zealand input now becoming more
lecture on optimal baseball running. The Olympic Prominent, organisers changed the title of the
year conference was hosted by the University ofconference replacing ‘Australian’ with
Technology, Sydney, under the auspices of GraeméAustralasian’. Both keynote speakers came to the
Cohen, ably assisted in editing the proceedings byconference with high level international reputation
Tim Langtry. Of the 25 papers presented theas experts in their field of sports science. Keith
inextricable link between mathematics, physics andDavids (NZ) presented a paper on dynamic
biomechanics came out in the two keynote addressegiovement systems (Davids & Button, 2004) and
(Cross, 2000; Siff, 2000). Cricket and Australian Mike Hughes (Wales) took the area of performance
rules football featured strongly again on the paogr ~ analysis perspectives to a new height at this
and papers on teaching mathematics emerged he@onference (Hughes, 2004). Richard Green also
(Cohen, 2000; Byun, 2000). The conference addedncreased the exposure of delegates to computer
‘Australian’ to the title, becoming the ‘Australian Science and its application to biomechanical amglys
Mathematics and Computers in Sport Conference’. (2004). In 2006 the eighth conference moved back to
The sixth conference in 2002 returned to the Goldthe Gold Coast in Australia but under the
Coast with Neville de Mestre taking up the independent auspices of the MathSport group.
organisational reins again, with proceedings eslitor Neville de Mestre and John Hammond shared both
again being Cohen and Langtry. Ray Stefani fromthe organisation of the conference and editinghef t
California joined Australians Graeme Cohen andproceedings. Roger Bartlett travelled from New
Stephen Gray as keynote speakers, who presenteealand to present his keynote paper on artificial
papers on rating systems (Stefani, 2002), chance iftelligence and how it relates to biomechanics
cricket (Cohen, 2002) and forecasting scores in(2006). Stuart Morgan from the Victorian Institute
cricket (Gray & Tuan, 2002) respectively. The 2002 of Sport, gave the second keynote address on
conference proved another watershed in terms ofynergies in high performance sport (2006).
influential speakers appearing for the first tinre, Following Mike Hughes's lead at the previous
that Graham Pollard presented the first of manyconference and Stuart Morgan's keynote talk, papers
papers, with his colleagues, at MCS meetings aboufeaturing performance analysis were more prolific a

scoring systems in tennis (Pollard & Noble, 2002). this event with Aaron Silk (Silk, Hammond &
Weatherby, 2006) Didier Seyfried (2006), Martin

Lames (2006) and John Hammond (Hammond &
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Smith, 2006; Smith, Gilleard, Hammond & Brooks,
2006) providing a variety of applications of this 0
increasingly influential sub-discipline. In additido

the proceedings, selected papers from the 200t
conference were published in a special editiorhef t
Journal of Sports Science and Medicine.

At the 2008 conference Arnold Baca (President of
the International Association of Computer Science
in Sport) and lan Renshaw (QUT) gave the invited
keynote addresses on ‘Tracking Human Motion in
Sport’ and ‘Performance and Learning of Motor
Skills’ respectively. This conference saw a re-
emergence (,)f water-based sport smer_pe with papet Fig]ure 5 The Most Popular Topics at MCS confererléma)S

on Bodysurfing (de Mestre, 2008) Sailing (Tonkes,

2008) and Kayaking (Janssen, Sachlikidis & Hunter,Categorisation for the data presented in Figurs 5 i
2008) as well as scoring and prediction systems foimainly based on specific sports, for simplification
tennis and cricket (Lewis, 2008; Stern, 2008; Baile However, re-analysis of the data into different way

& Clarkea/b, 2008; Lisle, Pollard & Pollard, 2008; of categorisation would also see categories such as
Pollard & Pollarda/b, 2008; Brown, Barnett, Pollard mathematical modelling, rating and scoring systems
Lisle & Pollard, 2008). There were a record numberemerge as prolific as the top three sports categori

of presentations at this conference of 34 (seer&igu This is because papers often addressed more than
4). one focus, such mathematical modelling of sports
Also of note, across the period that the MCShbetting, player rating systems across or within

conferences have been scheduled, are the followingports, scoring systems across racquet sportshand t
outstanding contributions by authors, not previgusl |ike.

mentioned in the chronological sequence presented
above:

* Cogill's papers on the mathematics of cycling3. CONTEXTUAL SYNOPSIS
(1994 & 1998);

* Norton's papers on prediction models andThe extent and diversity of topics described here,
advantage in Softball (1994), Tennis (1996 & demonstrate that mathematics and computers have
2002), Netball (2000) and Basketball (2004); an important role to play in adding to the body of

» Heazlewood's papers on predicting Olympic knowledge of sports science in the Australasian
games performance (1996 & 1998); setting. The role of these disciplines in sport ban

- Bedford's papers on ratings-based modelsviewed in three overlapping contexts: performance,
applied to World Cup handball (2004) and soccersocial and pedagogical. This view is depicted in

w
&

w
8

Cricket

N
&

Frequency
8

Australian Rules
Football

| Modelling

.
=]

5
Running/
Track/Field
nal/Maths/Physics,
Aquatics

@

Science/Comput./PerfSkilA

(2004); Figure 6 where the place of sport and its assaociati
« Norman's papers on batting on ‘sticky wickets’ With mathematics and computers is seen in a
(2004) and fell walking (2006); dynamic and interactive model. The levels of
applied to one-day cricket (2004 and 2006). represented in a simple two-dimensional model,
such as this, cannot accurately be depicted here.
Summary of the Presentations However, Figure 6 does seek to provide an

The number of presentations at MCS conferencedllustration, albeit simplified, of the mathematics
across the years 1992-2008 was illustrated in Eigur cOmputers and sports contributions within these
4. There has been a wide variety of sports andgopi CONexts.

presented at MCS conferences. In breaking down the

numbers into convenient categories, as can be seen

from Figure 5, cricket heads the list at 39 with

Tennis (32) and Australian Rules Football (29)

following closely behind.
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papers. Among the many presenters at the

Social c_onf.e.rence over the years there .has b(_een a
Context ogical Content significant number of scholars of |nternat|or_1al

repute, both as keynote speakers and as ordinary

delegates and presenters. Whilst this is still a
relatively small conference in comparison to some

Sodial scientific conferences, its diverse nature in teohs

sports discussed and strategy of non-parallel

sessions has been productive. From this it can be

reasonably suggested that the MathSport group has

Pedagogical Context progressed research and scholarship in MCS both
within Australasia and in the international sports

Figure 6: A Contextual Dynamic Model of the Relatbip of science community in general.
Mathematics and Computer Science to Sports

In the performance context there is a broad scépe oacknowledgements
sports that already use or can use mathematical and

computer analysis, such as performance analysi$ am indebted to colleagues in the MathSport group
technology or in the measurement of the physicalwhose contributions have created this history.
capacities that can enhance performance. Researghyish to thank the World Academic Press for their
into every aspect of performance, relies heavily onkind permission to reproduce sections of this paper
these disciplines, particularly in the recordingaofl  from a previous publication (Hammond & de
the analysis of data. In the social context, moremestre, 2008).

widely based issues such as the place of sport in wish to thank co-author of that previous paper,
society or the enhancement of health, can be aidef{eville de Mestre, for his input.

indirectly, via sport and exercise sciences, and

directly through the use of mathematics and

computers. In the pedagogical context, analysis and

research into coaching methods can lead toReferences
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Abstract

This research demonstrates how Australian Footlegue (AFL) players can be accurately and effibjen
classified into four recognised playing positioigefence; Midfield; Forward; Ruck) after each mataking
only a handful of collected game-related perforneamariables. By maximising the Mahalanobis distance
between a linear combination of thirteen perforneavariables and their respective centroids, 7,Ad#idual
player cases in the 2009 AFL season are assigneaetof the four positions, without any prior kneddje of
that player's movement within the match. Once tieréminant functions have been developed, Bayesian
probabilities are then calculated to highlight eptdyer’s level of activity across the four positoin each
match. This information is crucial when developmget of position-dependent rules with which to snea
AFL player performance. The research then progsessintra-position analysis where each playeuither
classified based on the Squared Euclidian distdretereen position-specific elements derived fromt tha
player's performance covariance matrix (PCM). Aecasudy details how forwards can be segmented into
discreteandcontinuousplaying roles based on the distances between iemvar couplets. This information is
of high importance for coaching staff and pundiikeaas post-match deductions can be made, notalyt

a player’s influence on the match, but also a playiafluence within each position. An appealingeast of

the research is that only a few simple game-relatatistics are required to gauge a player's posfi
performance, without having to resort to audio-algools and complex mapping.

Keywords Classification, Mahalanobis distance, Euclidigstahce, Covariance matrix

1. INTRODUCTION are permitted to you use their hands to punch the
ball (handball) to the advantage of another player.
Australian Rules football, or AFL, is a game played The continuous nature of AFL makes accurate
between two teams with twenty-two players each; astatistical analysis of team and in particular play
regular season consisting of sixteen teams playingperformance exceedingly difficult. Oliver (2004)
twenty-two matches. Eighteen players per team aranakes mention of the relative ease of analysing
on the field at any one time — six forwards, six discrete games such as baseball due to the game’s
defenders, four midfielders and two “ruckmen”, slow pace, incremental progress towards score
responsible for giving their team advantage atl*bal advantage (runs) and limited interaction between
ups” (similar to a jump ball in basketball), witbuf players. He goes on to describe (American) foatball
reserves on an interchange. The ultimate goalef thfrom an analytical perspective as definitely more
game is to kick an oval ball between two talleisset elegant and complex than either of basketball or
of posts at either end of an elliptic ground; algea baseball. AFL, it can be argued is more complex
worth six points. The team with the most points atthan all three of these sports. Of the world’'s most
the end of the match is declared the winner. Therecognised football codes (world football or so¢cer
dynamics of the game are similar to world football rugby and gridiron), AFL boasts the most number of
(soccer), the main exception being that AFL playersplayers on the field at any one time (36 with a
further four on the bench per side for rotations).
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Players are selected to play in particular defensiv also a player’s influence within each position.yela
attacking or midfield positions on the ground, rating systems become more accurate as
however the frenetic nature of the game demandperformance variable weights can be adjusted to
that a player must operate in different zones atreflect the relative influence of covariates in the
different match stages. One flaw in the measuremenposition in which a player is classified (Sargend a

of AFL player performance is the assumption that aBedford, 2007). Another appealing aspect of the
recognised positional player will play the entire research is that only a handful of simple game-
match in his expected position. Quantitative antalys related statistics are required to gauge a player's
may assume prior to a match that an establishegositional movements; no prior knowledge or vision
forward will play entirely at the attacking endtog of an AFL match is required. This is particularly
ground, however he may play a temporary defensiveadvantageous when analysing previous seasons’
role which demands an additional set of rules bymatch data.

which to measure his performance in the defensive

position. Without match vision, how is it possilide 2. METHODS

realise, let alone measure this change in position?

This paper demonstrates that by maximising the i. Classification by performance

Mahalanobis distance between thirteen recorded

AFL performance variables and their positional Hughes and Bartlett (2002) identify performance as
centroids, it is possible to quickly and efficigntl any combination of quantifiable variables within a
allocate each player to one of four positions sporting match that, when aggregated constitute
[Defence (D); Forward (F); Midfield (M); Ruck team play. Moreover, they discuss the concept of
(R)]. Bayesian probabilities are then applied to notational analysis, or the performance of a team o
establish a player’s “time spent” in each of tharfo its individual members based on “open skills”
positions in each of his matches. Analysis is edrri (kicks, goals etc). The combination of game-related
out on every player's1 x X; performance covariance skills is an important determinant in classifyiegmn
matrices (PCM) from the 2009 season wh¥rds success (lbanez et al, 2009) as well as in the
performance variable = 1,..,13 for matchm. Intra- measurement of individual performance in team
position characteristics are then examined usingsports (Koop, 2002). This paper introduces an
Squared Euclidian distance to further demonstratdmportant concept for improving quantitative
the differing roles assumed in the four groups. Aestimates of team player performance by assigning
case study is provided using the covariance matriceeach player, post-match to one lofgame-related

of players allocated to the forward group. positions, wheré& depends on the sport in focus. The
Classification analysis is not uncommon in team classification method outlined in this paper maide i
sports. Mahalanobis distances are used effectivelypossible to assign each AFL player to the group
by Chatterjee and Yilmaz (1999) to observe vectorPos = k =[D,F,M,R by linearly combining
differences in the performance characteristics ofthirteen recognised AFL performance variablgs,
MVP players in the NBA. Sampaio et al (2006) Kick (KCK); Mark (MRK); Handball (HBL);
employ discriminant analysis to maximize the Handball Receive (HBR); Inside 50 (I150); Rebound
average dissimilarities in game statistics betweerb0 (R50); Goal (GLS); Tackle (TKL); Clearance
guards, forwards and centres in the National(CLE); Loose Ball Get (LBG); Hard Ball Get
Basketball Association (NBA). Also with the aid of (HBG); Spoil (SPL); Hit-out (HIT). Each variable
discriminant analysis, Fratzke (1976) was able towas entered into a stepwise model to arrivk atl
determine basketball player ability and position discriminant functions:

using varying biographic data, while Marelic et al 13
(2004) observed “block” and “spike” in volleyball Cup = bo+Zinmp (1)
were the most important predictors of team success. i=1

Pyne et al (2006) concluded fithess assessments athered,, is the u™ discriminant function for player
the AFL draft involving statistical analysis on p, Xmp is the value of playemp’'s performance
physical qualities such as height, mass and agilityvariablei after matchm, b, is a constant anl, are
were useful in determining future player position.  discriminant coefficients selected in the first
The information drawn from this research becomesdiscriminant function to maximise the Mahalanobis
important for coaching staff and pundits alike asdistance between the four positional centroid.in
immediate post-hoc deductions can be made, nofhe second discriminant function is selected stoas
only about a player's influence on the match, butbe orthogonal to the first, and the third discriamn
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function orthogonal to the second (Johnson & & s
Wichern, 2007). Each player was assigned to the

position to which his Mahalanobis distance from the F o
positional centroids was the smallest (Sampaid, et a & *
2006). The Mahalanobis distance is a measure o Aﬁg

distance between two points in the space defined b
two or more correlated variables, and is in some
sense a multidimensionat-score (James, 1985)
measured by:

Din(X) = /(X = 12) S*(X - 1)

whereX = (Xy,...,%3), 4 = (U1,-.-,}43) and S is the
common covariance matrix (see (5)).

The classification judgements were also supportec
on the values of the overall structure coefficidmts
higher values were better contributors to the
classification process (Sampaio et al, 2006). Table

(2) 4 2 e..::t ¢ T @ e, 1 12 14

displays the overall model classification coeffidie

by position,

discriminatory positional predictors.

¢Defenders  eForwards  aMidfielders ¢ Rucks

with (*) indicating the strongest Figure 1: Canonical discriminant function grapme200

players

Positionk ii. Posterior Probabilities

X D F M R

KCK 0.431 0.460 0.366 0.320 Where much classification research is content to
:E'é 8-2;‘3‘ 10-2?(’)866* 8-;‘;‘2 g-ggg draw conclusions from the predictive path to the
TRL 0513 0535 | 06207 0333 classified groups, a measure of cIaSS|f|cat|o_n
HIT 0036 | 0048 | -0.045| 1.3861 assurance is an interesting and important extension
RS0 0516 | 0.140 0.228 0.128 (James, 1985). For the purposes of AFL player
150 0099 | 0.253 0.230 -0.028 f t | b
CLE 0600 | 0609 | 03371 0464 performance measurement, a player may be
HBG 0.056 0.085 0.227 0.015 correctly assigned to a position, but how realigtic
LBG 0148 | 0.136 0.233 0.020 it to assume he played the entire match there? To
HBR -0.169 | 0248 | -0.083| -0.216 th ticall tain this knowled eri
L 0935+ | 0552 5 369 0.498 mathematically ascertain this knowledge, posterior
Constant | -6.756 | -6.356 | -7.030|  -15.74 probabilities were calculated for each player’s

Table 1: Classification function coefficients by ftims defensive, forward, midfield and ruck roles in each
match. Once the discriminant functions (1) have
Mark (MRK) was not a significant predictor in the peen calculated these probabilities are produced by
classification process and was removed from the

model. Figure 1 displays how the firstlX and explmaxtl) - dl/ P(Po
second @) discriminant functions from our model P(P0$<|X)= 7 Pl t) - d]/P(Pos) (3)

have classified a randgm sample of _2_00 player Zexp[max(ju)—dj]/P(Pos)

matches from Round 22 into the four positions. =

Higher values for d; were associated with

classification of the ruck position (it is safe to Where: ZP(P0$< |x) =1

conclude the ruck position was the most accurately k=1

classified based on their unique role), while highe

d, values classified the midfield positions. Defersder and: P(Pos) is the prior (pre-match) probability of

were best classified by negative valuesdpfvhile ~ playing in positiork.

forwards fell at the intercept. The research found significant correlations between
the posterior probabilities of classification to
positions D, F and M and the number of disposals
(KCK + HBL) the player achieved in the defensive,
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forward and midfield zones respectively. In Table 4 variability in the performance variables’ commonly
Jonathan Brown of the Brisbane Lions is abundantlyused scales. With (5) covariance matrices were
classified as a forward for the first 5 rounds loé t established at a league, position [from (1)] and
2009 season, but in a smaller capacity for Round 4layer level (see Table 5) allowing analysis of
where he played a greater midfield role than thematrix elements, for example the covariance
other matchesH(M | x) = 38.12%]. The majority of between Kicks and Goals [KCKGLS]. Figure 2
his disposals are in the forward zone for highgr | illustrates how it is possible to compare sets of
X) but for Round 4, his Forward to Midfield disposal covariate couplets, for example, [KCKGLS,
ratio (For:Mid) decreases below 1.0 in line witls hi HBRGLS] hence, allowing analysis of four
decrease inP(F | X) and increase irP(M | Xx). covariates in a two-dimensional space (Gordon,
Conversely, Brown’s most prominent forward 1981). Moreover, by assessing the Squared
performance P(F | X) = 99.31%] in Round 3 Euclidean distances between these covariate
returned his highest For:Mid ratio for the 5 rounds couplets, the positions classified by (1) could be
This data supports our discriminant model selection further segmented to enhance the knowledge of
intra-position performance characteristics. The

iii. Intra-Position Analysis Squared Euclidean distance formula is defined as:
n
With the discriminant model accurately classifying di =2()§p —ij)2 (6)
each player into position by his accumulation of p=1

performance variables, the research benefitted from

further investigation into the performance where:x, andx, denote the values taken by thi&
characteristic differences exhibited by playerdiimit  player on covariate coupleandj respectively

the established positions. With this approach i wa

worthwhile considering the variability in each 3. RESULTS

player's performance variables (Chatterjee and

Yilmaz, 1999). Considering the pair of performance Having used (1) to classify all players after Round
variables {;, X} for player i to matchm, the 22, a dissimilarity matrix was defined using (6) to
covarianceCoVX;, X;) is a measure of the linear determine robust classifiers within the forward
coupling betweerx; andX; (James, 1985). If entries position (Table 2). The largest distance (*) was

in the column vector: between MRKGLS and HBRGLS, implying
X1 forwards could be classified into two further greup
. discrete play forwards who predominantly kick
X=|: (4)  goals after taking a mark (MRKGLS), and
X continuousplay forwards who set up or kick goals
m through handball receives (HBRGLYS).
are random variables, each withite variance, then
the covariance matri¥ is the matrix whosei,(j) HBR- MRK- | LBG- | HBG- | TKL-
entry is the covariance: GLS GLS GLS GLS GLS
HBR - 0.00
GLS
Zij =cov(X, X)) = E[( X —,uikm)(Xj —,u].km)] (5) N(';E'é 335.74 ¢ 0.00
'BS | 10853 | 25777| o000
Whereunfm: E()_(i_) in p_ositionk in matchm, andm HBG- 7267 22084 | 48.06 0.00
= E(X) in positionk in matchm are the expected —=:S
values of theé™ andj" entry in (4). Incorporating | gLs | 8407 | 28308| 6502 4113|000

the match mean vector in (5) for variatMerather  Table 2: Dissimilarity matrix of Squared Euclidean
than the league mean at Roundstandardises the distance between forwardsov(X;,X)).

distances from the performance variable mean

vectors for matches that may exhibit unusually highFigure 2 displays how all forwards are positioned
or low variable means, for example, wet weatherafter the final round in 2009 based on MRKGLS and
having a negative impact on total disposals. HBRGLS. By maximising the Mahalanobis distance
Chatterjee and Yilmaz (1999) favour the use ofbetween the centroids for these covariate couplets
covariance matrices, rather than correlation medgric  using (2), it was possible to segment the forwards
in performance measurement, because they expredsto sub-positionsf; andF,, whereF; contains the
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Classified Disposals
Player Round| Position | P(D | x) P(F| % P(M | x) P(R|X | Defence| Forward| Midfield For:Mid
16 Br Brown 1 F 0.86% 80.95% 17.67% 0.51% 0 8 7 41.]
16 Br Brown 2 F 0.19% 94.18% 5.46% 0.179 2 10 6 71.9
16 Br Brown 3 F 0.02% 99.31% 0.62% 0.059 0 8 4 2.0
16 Br Brown 4 F 4.62% 56.45% 38.12% 0.82% 1 4 8 00.5
16 Br Brown 5 F 1.07% 81.69% 16.76% 0.48% 1 5 4 51.2

Table 4: Classification posterior probabilities fmnathan Brown

KCK | HBL | MRK | HBR | GLS | TKL | HIT 150 R50 | CLE | HBG | LBG | SPL
KCK | 28.62
HBL 2.97 5.13
MRK | 19.22 | 0.92 16.26
HBR | -2.54 1.54 -3.40 3.73
GLS 9.38 | -0.07 7.13 -1.94 5.89

TKL -2.67 | -0.07 -2.33 1.28 -1.69 1.238
HIT 1.15 0.58 0.15 0.39 -0.04 0.11 0.65
150 4.24 1.72 2.46 0.31 0.48 -0.14  0.58 2.06
R50 -1.05 | -0.21] -0.91 034 -059 024 -0.01 -0.13 0.7
CLE 141 0.79 0.24 0.33 0.43 0.08 0.00 0.38 0.p4 0|83
HBG 1.76 0.28 0.79 -0.52 0.85 -0.19 0.23 0.36 -0jJ09 20j2 1.10
LBG 5.04 1.93 2.27 0.00 0.74 0.17 0.38 0.69 -0)22 0]59.48 3.03
SPL 0.47 0.46 0.21 0.16 0.19 0.08 -0.06 0.03 0.p3 0]320.10 0.23 0.29
Table 5: Performance covariance matrix (PCM) forafloan Brown
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Figure 2: Reclassification of forwards using Squdtedlidean distance
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Abstract

The existing method of allocating draft selectiomshe AFL is based on inverse ladder positioneatssn’s
end. A criticism levelled at this system is thgpribvides teams who are unlikely to figure in theaks with an
incentive to lose, with greater rewards being pitedito teams who win fewer matches. In 2006, wegsed

a probability-based system that allocates a scdrenva team wins an ‘unimportant’ match. Calculatidn
unimportance was based on the likelihood of a tewaking the final eight following each round of teason.
A limitation of this model was that higher picks neeawarded to teams who won a string of matchesitat
the season and just missed out of playing in thaldi Furthermore, teams who won very few matcimes a
finished in the bottom ladder positions were awdréav draft allocation points, and thus were uriiki®
receive high draft selections. In this paper, fartrefinement of the original model is undertakeratldress
these shortcomings. Draft point allocations are enatbd based on the quality of opposition beingeueaand
the number of matches the team has won duringeagos to date. Using this revised approach, welatetu
100,000 seasons based on actual season data fab@eAFL home-and-away season. We investigate the
distribution of draft picks awarded to each ladgesition, and highlight teams who are more or lé®dy to
be awarded top draft picks under the revised system

Keywords: AFL, Draft, Importance, Incentives, Probability

1. INTRODUCTION rounds of the draft replicate the first round. Ugilu
2006, teams who won fewer than five matches
Several issues remain within the AFL code thatreceived a priority pick that was awarded before
generate controversy year after year. These includgick 1, and thus a team who finished last with fewe
an uneven fixture, frequent rule changes, and # drathan five wins would essentially receive the fixgb
system that provides teams who are unlikely topicks in the draft. To address such as high ingenti
figure in the finals with an incentive to lose. 2806,  being available for teams to not win five matches,
we proposed a probability-based system that rewardthe AFL revised the priority pick system to only
teams for winning ‘unimportant’ matches (akin to grant teams a priority pick if they won fewer than
Carl Morris’ definition of importance; Morris, five matches for two consecutive seasons
1977). Calculation of unimportance was based on(www.afl.com.au).
the likelihood of a team making the final eight Whilst it was hoped that implementation of this new
following each round of the season (Bedford & priority pick system would eradicate much of the
Schembri, 2006). Since this model was first controversy that has surrounded the AFL draft,
published, the system utilised by the AFL to alteca disillusionment remains high in AFL channels given
draft selections has remained unchanged, with firsthe events of the 2007, 2008, and 2009 seasons. In
round draft picks allocated on the basis of reversehe final round of the 2007 season, Melbourne
ladder position at the end of the season. Subséquemplayed Carlton in a match that triggered significan
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debate within the AFL community. A win to Borland, Chicu, and Macdonald (2009) presented on
Melbourne would see the club receive fourth pick in an exploratory study into trends in the AFL prior t
the draft rather than second pick, and the clubldvou and following the introduction of the current draft
also lose the right to a potential priority pick in system. Results indicated that there was no evalenc
2008. The stakes were much higher for Carlton, withthat clubs had engaged in ‘tanking’ (a colloquial
a win costing them a priority pick and first piak i term used to describe a club that is losing
the draft. The eventual result was a win to intentionally). Several reasons were highlighted fo
Melbourne by 33 points, a result which was metthis finding, including the few benefits that exist
with despair rather than elation by many Melbourneclubs who engage in tanking, and that few
club members and supporters. In the final Round ofopportunities exist for tanking to occur in AFL
2007, Richmond entered a match against St Kildafootball. Despite these findings, controversy and
knowing that a win would cost the club Pick 2. general disenchantment remains in the AFL
Months after the game, Richmond coach Terrycommunity, with journalists, players, coaches, and
Wallace conceded that he did little to coach thegeneral supporters of the game expressing their
Richmond side to win, stating that “It was a no-win concerns in recent years. The introduction of two
situation for everyone in the coach’s box. We new teams into the AFL in 2011 and 2012 will result
decided the best way to operate was just to let thén draft concessions being available to the new
players go out. | didn't do anything. | just leteth teams, and therefore even fewer incentive to tank
boys play” (Stevens & Ralph, 2009). By 2009, the exists for AFL clubs. Many have argued that this
Melbourne Football Club could win only one of its presents the AFL with a period of respite, and an
final seven matches in order to receive a priority opportunity to revise the current draft system,Isthi
pick and the first pick in the national draft. Atet  others have suggested that the tanking issue will
end of the season, Melbourne forward Russellescalate following introduction of the new clubs
Robertson commented “I know this whole tanking (Leech, 2008).

vibe has disgruntled a few players at the Melbourneln this paper, we build upon the draft model
Football Club. You can’t blame the coach. It is mor presented in Bedford and Schembri (2006). Several
just the way the AFL is at the moment with the weaknesses of the original model are addressed,
[priority pick] systems that are in place. I'm not with a series of moderating variables being
saying we tanked, I'm just saying players wereintroduced to ensure that poorer teams receive
played out of position...I don't think it was in our adequate reward for winning unimportant matches.
best interests to win” (Stubbs, 2009). We will begin our work by defining the criteria uke
The AFL code is not alone with respect to to develop our original model, and the modificaion
controversy surrounding player draft selectionse Th made for the revised system. Simulation data is the
American National Basketball Association (NBA), presented in consideration of the operational aspec
National Hockey League (NHL), Major League of the revised model

Baseball, and the National Football League (NFL)

have encountered criticism regarding the draft2,. METHODS

systems utilised in their respective sports. Réder

Bedford and Schembri (2006) for a review of theseTo begin, we present the mathematical and
draft systems. Although reverse ladder position andprobabilistic elements that were fundamental to the
lottery based systems dominate player draft systemsriginal DScore model published in 2006.

worldwide, neither system is considered ideal A large amount of detail is given in our earlierrwo
(Bedford & Schembri, 2006), yet despite the need(Bedford and Schembri (2006)) on the finer details
for a revised system, a paucity of research existed of the model. Here we summarise it briefly. At its
this area in 2006, and very few studies have beemeart, the model simply aimed to reward teams with
published in more recent years. In one study, Golda reduced probability of making the final eight twit
(2010) suggested that losing can assist teamsein tha higher draft score (DScore) if they win. Firstlye
NHL with an opportunity to acquire more tickets for projected wins (ParWins) to make the final eight is
the draft lottery, thus encouraging supporters tocalculated, and from this the binomial distributisn
cheer for opposition teams. This author employed aused to determine each teams chance of making the
mathematical elimination technique to enforce afinal eight. The unimportance of a match is then
competitive atmosphere on teams who performedcalculated simply by

poorly, whilst those teams eliminated earliest had U, (r) =1-b(ParWins, 22— (r +1), p) (1)
more opportunity to earn higher draft picks.
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where b(x,n,p) is the discrete binomial distribution Melbourne’s percentage by their own percentage
function. From this the DScore is given by the sumresults in a DScore scaling factor of 0.776.

of the draft points reward for teamso Introduction of this variable enabled the DScore
r model to take the quality of the opponent into
DScorg (r) = ZUi (r)(l— P(F8| r)) (2) consideration for each round.
i=7
noting that points are only awarded if a team wins position Team W D L %

andr > 6. F8 is the number of wins needed to make

the final 8, and the round. o Port Adelaide oo T 92.1
Although this model provided several positive steps 16 Melbourne 2 0 12 715

in the development of the DScore draft system, Taple 1. Ladder position of Melbourne and Port
several weaknesses were evident. Firstly, the top Adelaide prior to Round 15, 2009.

pick in the draft was frequently awarded to a team
who, whilst unlikely to figure in the finals, won a
string of matches at the end of the season. Whilsbosition.

these teams typically finished between ninth andTq friher unearth the team in question’s likelitioo
twelfth_on the ladder, t_hey were awarde_d the top making the finals at the time of each match, and
draft pick due to the high number of unimportant j, essence measuring the unimportance of each
matches that they had won. Another limitation & th match, the ,ratio of the number of wins obtained by
model was that teams who performed poorly andine team in eighth place and the number of wins

won very few maiches for the entire season werg,pained by the team in question was considered.

only able to obtain a maximum of one DScore pointrpe fo|lowing equation was utilised to compute this
for every game that they did win. This limited thei

Difference in wins when compared with 8th

opportunity to climb the DScore ladder and recaive ¢ = 8 PostionWins —Teami wins 3)
top five draft pick at the end of the season. 8" PositionWins

. . For example, going into the Round 15 encounter
Moderator Variablesin the 2010 DScore M odel with Port Adelaide, Melbourne had won two

In order to address these shortcomings, severahatches up to that point in the season. Going into
moderating variables were introduced into the modekhe round, Essendon was in eighth place with seven
to reduce the magnitude of reward for teams whoyins, For Melbourne, the ratio of Essendon’s wins
were climbing the ladder late in the season, asd al to their own resulted in a scaling factor of 0.714
to amplify DScores for those teams who won very (that is, [7-2]/7 = .714). Relative to teams whal ha
few matches throughout the season, particulary lat won more matches up to that point in the seasis, th
in the season when there was little incentive to. wi scaling factor would further amplify Melbourne’s
The following moderators were introduced into the praft Point Reward (DPR) for the round if they were
revised model: to beat Port Adelaide.

Quality of opposition measure. _ ~ Moderating factor based on ladder position.

To obtain a measure of the quality of opposition To ensure that teams in the bottom four positidns o
being played and in order to reward the poorlythe |adder (13th, 14th, 15th and 16th) receive
performing team accordingly, a moderator wasmaximum reward for winning late in the season, and
introduced based on the ratio of the oppositionty reduce the reward received by teams in 12th
team’'s pre-match percentage and the team irhosition and above, a third scaling factor was
question’s percentage prior to the match beingintroduced. Simply put, those teams who are placed
played. As an example, Melbourne (16th) playedin the bottom four positions of the ladder at tineet
Port Adelaide (9th) in Round 15 of the 2009 seasonthey won a match receive their allocated DScore
(refer to Table 1). o multiplied by one (that is, it remained unchanged),
Melbourne’s percentage going into the game washowever those teams placed in 12th position and
71.5% whilst Port Adelaide’s was 92.1%. For ghove have their allocated DScore for that round
Melbourne, dividing Port Adelaide’s percentage by halved. This scaling factor was introduced to pnéve
their own percentage results in a DScore scalingeams who are of sufficient quality from receiviag
factor of 1.288, whilst for Port Adelaide, dividing top draft pick. For example, during the 2009 season
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West Coast won 4 of its first 17 matches, and dsof current AFL draft system and the 2006 DScore
last 5 matches. For this latter string of wins, filst model.
two matchesvere won in 13th and 14th position on
the ladder, however the final two were won from
12th position. By implementing the moderating The 2009 AFL Season
factor based on ladder position, West Coast redeive In 2009, the AFL season was highly competitive,
their full DScore compliment for the first two wins with the makeup of the finals uncertain until the
yet their DScore was multiplied by 0.5 for the wins final round. With five rounds remaining in the
where they were in 12th position, that is, wherythe season, eleven teams were still vying for a finals
were not one of the bottom four teams on the ladder position. In addition, only six premiership poirfts

one and a half wins) separated 12th and 16th on the
Other moderating factorsthat weretrialled. ladder, and thus the race for the wooden spoon
Several alternative moderating factors were also (awarded to the team that finishes last) waswtile
trialled and not implemented into the final moded.  open. At seasons end, Melbourne finished last en th
ensure that the top four draft picks were morelyike ladder with only four wins, and was granted a
to be awarded to the bottom four teams, a trialpriority pick given that they had only won three
simulation was undertaken whereby only teams whomatches in 2008. Table 2 presents a summary of the
were in the bottom four positions on the laddahat 2009 AFL ladder at the end of the home-and-away
time they won a match would receive a DPR for season, with results of the AFL Draft system, the
winning the match. Simulation results revealed that2006 DScore model, and the revised 2010 DScore
this approach reduced the number of teams immodel.
contention for the top four draft choices, and alsoUnder the 2006 DScore model, West Coast were
resulted in most teams not receiving a DPR for theawarded the top draft pick following a string ofnwi
entire season, given that only a handful of tearas a late in the season. A series of back-to-back wias w
actually in the bottom four between rounds eightt an also achieved by North Melbourne, and therefore
22. they received pick 2 under the 2006 model and pick
Introduction of a cumulative DScore was also 3 under the revised 2010 model. The bottom two
considered whereby teams would be awarded alteams won four and five matches respectively in
possible DScore points that had accumulated sinc009, with the majority of these wins being achieve
their last win. For example, a team in 16th positio in the second half of the season. Based on the
who has not won a match for five rounds uponDScore model being fundamentally based on poorly
entering Round 20 would be rewarded with their performing teams having an incentive to win, the
DPR for Rounds 15, 16, 17, 18, 19 and 20.newly introduced moderating factors had a desired
Simulation results indicated that this variable effect in the 2009 season, with the bottom two &am
increased the volatility of the entire draft system being awarded picks 1 and 2 under the revised draft
since lowly teams who had performed consistentlymodel. Under the revised system, North Melbourne
(e.g., winning one in every four matches) were and West Coast were rewarded substantially for thei
overhauled by a team who did not win many performances late in year, receiving picks 3 and 4.
matches during the year, but won a match lateen th The 2006 DScore model plot demonstrates the
season (e.g., did not win between rounds eight aneffects of teams winning a string of consecutive
20, but won a match in Round 21). matches late in the season, with West Coast and
The allocation of DPR based on a countback systenNorth Melbourne rising to the top of the DScore
at the end of the season was also contemplated biadder late in the season. This was not the cagerun
the authors however this had the potential to reduc the revised model, as only moderate increases in
the competitive nature of the DScore systemDScore rankings were evident late in the season.
throughout the season, given that teams would noThis finding demonstrates that the revised modsl ha
be aware of their current standing at the end ofiea the potential to take the quality of the team into

round. consideration, by moderating the DScore value
being awarded to teams who finish between 9th and
3. RESULTS 12th position on the ladder.

We begin our review of the revised DScore model
by examining the 2009 season in detail. Where
possible, the revised model is compared with the
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corresponds to their reverse ladder position (e.g.,

2010 Mode! 2006 Model . " , . .
5 ode ode first position on the ladder receives pick 16).Uf&
Team  W-D-L % DScore  Pick DScore Pick 3 displays the cumulative probability of obtainiag
st 2002 157 16 00002 16 00000 16  top five draft pick for teams finishing in the bt
eight positions on the ladder, that is, those teams
Ge 18-0-4 1274 15 00002 15 00000 15 \yho did not qualify for the finals.
Wb 15-0-7 1226 14 00069 14 04775 14 o
1.0 et
Co 15-0-7 1223 13 0019 13 04903 13 e
—13th
Ad 14-0-8 1176 12 00233 12 04903 12 2087 i2h
z _
Bri 1348 1067 11 00201 11 05545 11 5 oo o
Ca 13-0-9 1105 10  0.0404 10 09961 10 E
- 0.4
Es 10-1-11 978 9 01553 9 26049 9 §
Ha 9-0-13 925 8 02064 7 18065 7 3 02
Po 9-0-13 887 7 00618 8 1019 8 0o
We 8-0-14 933 6 23197 4 48790 1 pick 1 Top 3 Pick Top 3 Pick
Top 2 Pick Top 4 Pick
Sy 8-0-14 93.1 5 05135 6 21548 6 Allocated Draft Pick
Ka 7-1-14 834 4 23219 3 39768 2 _ . N o
Ee 6016 73 5 29111 5 30001 5 F|gU(e 3. Cuml_JIauve probablhty.qf obtaining a top
five draft pick for ladder positions 9 to 16.
Ri 5-1-16 743 2 29037 2 39249 3
Me 4-0-18 747 1 30613 1 30002 4 Teams who finished between 13th and 16th had a

very high probability (between .97 and .99) of
obtaining a top 5 draft pick, however the ordethaf
top 5 picks varied considerably. To illustrate,dad

. . positions 13 and 14 were unlikely to receive a2op
Simulation results based on the 2009 AFL " o pick (below .20), whilst positions 15 and 16 had a

As described in the methodology, & 100,000 iterati respective probability of .55 and .85 of receivame

simulation was conducted on the 2009 AFL season.

The purpose of the simulation was to examine theOlc these picks. Of note, it was very unlikely that

distribution of scores obtained under the revised€2MS who.finished in positions ch through to 12th
DScore model, and the likelihood of teams finishing }’_VOUId. rkece|ve a tqgl tv¥0 (tjrr]aft pt'Ck' hovlvev?frmaﬂ top
in different ladder positions receiving high or low IVE pick was possible for INese teams. In ettt
draft choices. Figure 2 displays the probability distribution of cumulative probabilities in thigfire

distribution of obtaining each draft pick for every demqnstrates that all teams in the bo_ttom flv_e
ladder position at the conclusion of the 2009 AFL positions on the ladder have great Incentive to win
home-and-away season. matches !ate in the year _under_the re_V|sed DScore
As shown, the team that finished last on the Iaddelm()del’. with the greatest Incentive being for those
had a probability of .77 of obtaining the first fira teams in the bottom two positions on the ladder.

pick, and a probability of .15 of obtaining the ced
draft choice. Ladder positions 13th to 15th had a
high probability of obtaining a top five draft clei
however the team who finished 13th was most likely
to receive pick 4 or 5. Part b of Figure 2
demonstrates that it was most probable for ladde
positions 9th to 12th to receive picks 6 to 8, hesve
teams who finished 11th or 12th regularly received
picks 2 or 3. Parts ¢ and d of Figure 2 indicat th
teams who finish between 6th and 8th position
receive an assortment of picks 9 to 11, whilst ¢hos
teams who finish in ladder positions 1 to 5 have a
very high probability of obtaining a draft pick tha

Table 2. Draft Pick Comparison.

(W=win; D=draw; L=loss, %=score for team/score agateam)

Distribution of actual DScores and difference
scoresfor the 2009 AFL season

In addition to examining the distribution of ladder
position and corresponding draft choice allocations
el review of the distribution of actual DScores is
necessary. Examination of the difference in actual
DScores enables an assessment of the number of
teams who are in contention to receive draft
selections. Table 3 presents mean and standard
deviation scores for the DPR allocated to each team
over the course of the 2009 AFL home-and-away
season for the 100,000 iteration simulation.
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DScore allocations decreased as ladder positiomottom four resulted in these teams having
increased, with the team finishing on top of the substantially lower DScores than teams in the
ladder having a mean DScore of .0002 and abottom four ladder positions. This finding is fugth

standard deviation of 0.0000. All teams that fieidh

evidenced by the higher standard deviation scores

in the bottom four positions on the ladder had afor teams finishing in 11th or 12th, with results

AFL Pos. Min. Max. Mean SD
16 4139 46186 28850 5115
15 1527 45644  2.5831 6578
14 5616  3.8516 21037  .3228
13 2152 3.5411 2.0054 3577
12 0590  3.5476 14367 9053
11 0306  3.5405 9770 .9538
10 0302 35196 4888 6423
9 0283 2699 .3699 4530
8 0284 23196 .1986 1682
7 .0100 3392 .0404 0318
6 .0002 1493 .0352 0241
5 .0002 2078 .0300 0278
4 .0002 0244 .0159 .0070
3 .0002 0239 .0075 .0060
2 .0002 .0198 .0004 .0007
1 .0002 .0002 .0002 .0000

indicating standard deviations of almost one DScore
point.

To further analyse the distribution in scores amel t
number of teams in contention to win the top draft
pick, the difference between the top DScore (Rank
1) and DScore ranks 2 to 8 were computed, refer to
Figure 4.

On average, difference scores between ranks 1 and 2
were approximately 0.6 DScore points, which is the
equivalent to one win. This finding indicates tttat
second highest DScore rank could have potentially
won the top draft pick in the majority of cases had
the team won one more match. The difference in
DScores between Rank 1 and ranks 2 and 3 were
approximately one DScore point, which equates to
between one and two wins. Teams between ranks 1
and 5 were clearly in contention for the top draft
choice based on difference scores, however a
substantial increase in difference scores was avide
for ranks 6, 7, and 8, with difference scores
exceeding 2.5 DScore points (equivalent to between
three and four wins).

As such, teams who finish in the bottom five
positions on the ladder are typically in contention

the top draft choice, however on average, thiis n
likely for teams with a DScore ranking from rank 6
and above.

w
3]
1

Table 3. Draft point allocation descriptive statist
for each ladder position following the 100,000
iteration simulation.

mean DScore between two and three points, and
therefore each have the potential to receive tpe to
draft choice. As would be expected based on the
newly introduced scaling factors, a marked decrease
in mean DScores was evident for teams who
finished in 11th or 12th position, with a further

Difference Score (99%Cl)

NONow
2T T 9
LS
o
\
\
[

T
R

?
[
\
\
®

i
3
1

T T T T
1and 2 | 1and 4 | 1and 6 | 1and 8
1and 3 1and 5 1and 7

Difference Between DScore Ranks

decrease for those teams who finished in 10th Figure 4. Difference between simulated DScore

position or above. It is likely that teams finisgim
11th and 12th position won a proportion of their

ranks for the 2009 AFL home-and-away season.

matches whilst in the bottom four positions on the Implications of the DScore Model on Consistently
ladder, thus their DPR was somewhat higher tharPoor Performers

teams who finished higher on the ladder. However,One criticism that has been levelled at the DScore
winning a proportion of matches when outside themodel relates to teams who are very poor and thus,
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are not capable of winning many matches4, DISCUSSION
throughout a season. These teams do not have the

capacity to obtain DScore points and subsequentlyResults of the current paper have indicated that th
do not receive high draft choices. It could be atju  revised DScore model builds on the model presented
that these are the teams that require high drafin 2006 in several ways. Firstly, the quality o&th
choices the most given that they lack sufficient gpposition being played is taken into consideration
player quality to win matches. Figure 5 displays anprior to each match. The inclusion of this
example of this occurring in an actual season, thainoderating variable enables the DScore model to
being the 2007 AFL home-and-away season. In thiseward a team with additional DPR if a superior
season, Carlton (finished 15th on the ladder) wonteam is defeated (e.g., last defeating a team who i
three matches and had one draw in the first Eighburrenﬂy in the top e|ght) as Opposed to a teara wh
rOUndS, but did not win a match for the remainder o is of similar qua“ty (e_g_, last defeating secdasgt

the season. on the ladder). Taking into account current ladder
In this season, Richmond (finished 16th on thepgsition also prevents teams who win a series of
ladder) received the top draft pick, followed by consecutive matches late in the season from
Melbourne who finished 14th. There was a Closereceiving the top draft ChoiceS, when C|ear|y there
battle for picks 3, 4, and 5 between teams whogre other teams in the league that are in greatd n
finished between 9th and 13th on the ladder. Ofof such h|gh draft picks_ Despite thiS, teams whio w
note, Carlton did not receive any DScore pointsa string of matches are not penalised, but rather t

throughout the season given that they did not win asjimulation results indicate that these teams are
match from Round 11 onwards, which is the roundawarded a pick in the latter half of the top 5 (e.g

where the DScore model commences. Whilst itpick 3, 4, or 5), thus there is still a strong intee
might be argued that Carlton lacked sufficient teamto win consecutive matches and finish higher on the
strength to win matches, they did win three matchegadder for teams capable of doing so.

and draw another in the first eight rounds. In Examination of the distribution in scores indicates
addltlon, the team had little incentive to win ldse that under the revised model, teams who finistén t
on the current draft system since any more wins inhottom four positions of the ladder, yet win betwee
the final 14 rounds would have made the clubthree and five matches, typically receive very high
ineligible to receive a priority pick at the endte®  draft choices. Whilst it could be argued that dittl

season. difference exists between the results of the relvise
45 o Ad DScore system and the current reverse order model
401 _‘_ira employed by the AFL, a fundamental principle
a5 ——Co differentiates the two approaches to allocatingtdra
50 —=—Es selections. This difference lies in the incentivie o
o 2cl _‘0’:; each team to win. The current AFL model promotes
g . Ha teams who are out of finals contention to lose
e 20 ——Ka matches, and recently retired players and coaches
151 e Me have attested to this. By contrast, the reviseddpesc
+—Po . .
10 R model provides teams in the bottom half of the
05 —o-st ladder with a strong incentive to win football
ol g D matches right up to the final match of the season.
001112 18 14 15 16 17 18 19 20 21 Simulation results have demonstrated the stalwfity
Round the revised DScore model, with additional trials
Figure 5. Progressive DScores for the 2007 AFL  yndertaken by the authors over the past 10 AFL
season for the 2010 DScore Model. seasons demonstrating the robustness of this draft

system. Analysis of difference scores indicates, tha
This season exemplifies that poorly performingin most cases, the bottom five teams are all in
teams need to win at least one to two matches t@ontention for the top draft pick, and the postipil
obtain a high draft choice, given that in this 88as of a bottom five team receiving a top five pick is
Richmond won only two matches after the DScoreyery high (exceeding 0.90). In effect, the
model commenced, yet had sufficient DPR withoutntroduction of several moderator variables inte th
their win in round 21 to be awarded the top draft revised DScore model has enabled lowly teams with
choice. a greater opportunity to receive high draft picks.
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Additional work may also pertain to adopting the wallace-coached-richmond-to-snag-trent-
DScore model to other sporting codes, including cotchin/story-0-1225752922510
NBA basketball, the NHL, and the Australian Stubbs, B. (September 26, 2009). Robbo talks
National Rugby League. tanking, low pay. Sourced from

http://www.themercury.com.au/article/2009/0
9/26/99815 tasmania-news.html

5. CONCLUSIONS Taylor, B.A and Trogdon, J.G. (2002). Losing to

win: Tournament incentives in the National
In conclusion, the current paper has presented on a Basketball Associatiorlournal of Labor
revised DScore model that provides a unique system Economics 20, 23-41.

for the allocation of draft choices in AFL foothall
This model provides poorly performing teams with
an incentive to win matches throughout a season,
which is particularly critical once a team is noder

in contention to play in the finals. By incorporggi
Morris’ (1977) definition of unimportance, this
model vastly reduces the frequency of ‘dead
rubbers’, that is, matches which have no
consequence on the season. Most importantly, this
model provides coaches and players with a reason to
be motivated to win, and club supporters with an
opportunity to continue encouraging their team to
win.
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ON THE VALUE OF AFL PLAYER DRAFT PICKS
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Abstract

AFL (Australian Football League) clubs are allochfgayer selections (“picks”) in the National Draft
reverse order of their final position in the preaogdseason. Clubs which perform below a certaiaghold in

a single season are allocated an additional pitklewclubs which meet that threshold in two sucivess
seasons receive a more valuable pick. These somearh#trary thresholds lead to a discontinuous
performance / reward relationship, where it is dle@ a club’s best interest to lose certain maghThe
natural suspicion and speculation around “tankidgfracts from the integrity of the game, in thesegéthe
AFL. However, a recent paper by Borland, Chicu &ddanald (2009) concludes that there is little entie

of systematic “losing to win” in that league.

A natural and flexible valuation scheme for draftks is proposed and tested, using extreme vahtestits
pioneered by Gumbel (1954) in what could be reghatea variation on Galton (1902)’s Difference Feob
It removes the arbitrary discontinuities while doning to support competitive equalisation via tagipicks
for genuinely struggling clubs. This draft pick med does not enforce a constant order to be foloine
every round. As a corollary, the scheme suggestethod for clubs to value their picks when deveigpi
trading strategies. It could also furnish the AFithman alternative means of compensating clubstferloss
of key players to start-up teams, and penalisiogsfor transgressions.

While this scheme has direct applicability to tHeLAit is easily portable to other sports’ playeafts, such as
the NFL, MLB and NBA.

Keywords Australian Rules Football, AFL, Player Draft, Exthe Value Theory, Galton’s
Difference Problem
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1. INTRODUCTION only, with very weak correlation after pick number
16. Bedford & Schembri (2006) proposed a system
The Australian Football League (AFL)'s annual where clubs not in contention for finals are reveard
National Draft is the only way for existing clubs t for winning formally unimportant matches with an
add players to their squdgdsand is therefore improved draft position.
crucially important to their prospects. In common
with many other sports, as part of its competition Other Leagues’ Draft Research
equalisation policy the AFL allocates draft picks i Professional US leagues such as the NFL, NBA and
order of reversed final position on the ladder (AFL MLB have similar annual drafts. Burger & Walters
Development, 2010). More controversially (see e.g.(2009) point out that there is high risk and adét
Sheahan (2009)), clubs are allocated “priority’kgic money at stake: only 8% of players picked in the
if they are considered to be direly uncompetitike. first ten rounds of the MLB draft become establishe
team which fails to win more than four matches is Major League players. Barzilai (2007) thoroughly
given an extra pick between the first and secondanalyses the empirical value of NBA Draft pick
rounds of the draft, while a team falling belowsthi players. Berri & Simmons (2009) give an example
threshold in two consecutive seasons has its priori of teams not using their choices wisely, with oaly
pick upgraded to above the first round. In this wayweak correlation between NFL amateur draft order
Melbourne Football Club received both of the first and performance. Massey & Thaler (2005) state that
two draft picks in the 2009 draft after finishirgst ~ NFL clubs overvalue the right to choose, and pay
with exactly four wins in the second of its dire too much for the first pick in the draft.
seasons. Certainly the reward for Melbourne losingThe NFL Draft appears to receive the most attention
just its last game was immense: access to the twdikely due to a famous “Draft Value Chart”
best players in the country, rather than one. developed around 1990 (Trotter, 2007) under Dallas
With the addition of new clubs over the next two Cowboys head coach Jimmy Johnson, anecdotally
years, the AFL has proposed a formula to(Crowe, 2009) with help from mathematicians
compensate existing clubs for the loss of staralthough the exact derivation is unknown. The chart
players. Wilson (2010) suggests that for the verygives a rule-of-thumb value that clubs should place
best players, the AFL may provide two first-round on their draft picks when they are considering
picks instead of one, with the club able to choosetrading, so for instance the" pick is worth 3,000
which year it exercises the extra picks, but offgra  points, 2° pick 2,600, 18 pick 1,000, etc., down to
its existing first-round pick (the position of whic the 224" pick worth 2 points. Recently there have
will vary from year to year). For a club in this been a number of comprehensive analyses assessing
situation, there is a great deal riding on the AL’ and adjusting this chart (e.g. Stuart (2008), Psdte
decision, and the quantum of compensation is rathe(2009), Vance (2009)), based on performance
large — they cannot have 1.5 first-round picks, forratings of the players picked at those positions, b
instance. none presenting an underlying theoretical model.
In this paper | develop a valuation system for draf
picks and advise how the arbitrary thresholds & th Extreme Value Theory
system might be abolished without losing the apilit Francis Galton (1902) asked the question: if a

to help truly uncompetitive teams. competition has a £100 pool and there will be grize
for first and second, “How should the £100 be most
AFL Draft Research suitably divided between the two?” His answer of

Borland, Chicu & Macdonald (2009) examined the roughly £75 : £25 is based on the expected value of
teams faced by these perverse incentives fothe “excess merit” of someone in those positions,
deliberately losing (also known as “tanking”) and compared to the third-place competitor. Subsequent
concluded that there is no significant change inextensions ton prize-winners in large pools of
behaviour. A dreadful season can lead to loss otompetitors grew into a branch of Extreme Value
sponsors and members, and fewer lucrative TV slotsStatistics, pioneered by Gumbel (1935) and Fisher &
when the fixture is drawn up. Rielly (2009) repdrte Tippett (1928).

on commissioned research by Mitchell et al (2009)I draw a parallel to the “competition” between
that found good correlation between draft order andpotential draftees. The potential talent pool cstssi
subsequent player performance for the first roundof young men with diverse aptitude for football.dn
demographic sense, it is reasonable that an aetitud
score for the population cohort of 18-year-old

! Player trading is only permitted within the frantew of Australian men should be approximately normally
the Draft, and usually in exchange for draft picks
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distributed, like many other broad-based attributes. R=1

The players drafted would then form one extremes, = l 3)
tail of that distribution, assuming that clubs can =/
make an efficient assessment of that aptitude. is thek” harmonic number. Blom (1958) generalised

| propose a system in which th® draft pick has @ the different equidistant formulas of Galton and
value proportlonal to thd(t order statistic of a Gumbel into an approximant for the mean:

suitably large normal population. This paper shows - I — (4)
the necessary calibrations and consequences. my =0 m)
—3
2. METHODS and proposed ~ -"E as a rule-of-thumb constant

Galton’s method of allocating prizes considered yatween Galton's® = 1.}'2 and Gumbel's modal

firstly a population ofh=10. His simple assumption -0 .
was that the most probable values of m@rior the i ' although_ Harter (1961) pointed out that
ctually varies wit.

ten competi_tors gorrespond to gquidistant values Oe\lith such a large, it is worth considering whether
the cumulative distribution function (CDF), namely . ’ 3. ;
the asymptoticr{—oo) form’ is appropriate. Ideally,

0.05, 0.15, 0'.25’ 0.35, 0'45.' 0.55, 0'6.5.’ 0'.755'0'8 there should not be a dependency on the ABS’s

0.95. By looking up numerical probability integral | d hi d h . d

tables, he discovered that the ratio of first's atest demographic trends each year in order to
: calibrate the draft. Fisher & Tippett (1928) podnuit

advantage over third compared  to second’sthat the tendency toward asymptotic form is
advantage over third was about 72.8:27.2. As he y ymp

increasedn, the ratio approached a limit of about exceedingly slow in the normal case (David &

75.4:24.6. Therefore his proposal was that the mos agaraja, 2003), while Dronkers (1958) proposes
e X — hat it should only be used when the extremal index
appropriate prize for first is about 75% of the poo

k& n,

Estimates for Extremal Values Cramér _(1946) equation (28.6.16) gives the
ABS (2009) shows that at September 2009 there ar@symptotic formula for the mean of tkiB extremal:
approximately 772,070 males between the ages of

15-19 in Australia. The eligible demographic JZiogn - loglogn + log4n + 2(5; —v)

passing through the annual AFL Draft window is gm ®)

approximately one-fifth of that, indicating an The choice of formula to measure the value of each
appropriaten = 155,000. While men can nominate graft pick makes a significant difference to thestfi
for multiple drafts, in theory they should be deaft e picks, but little difference to the rest. Irettable
when first eligible as their inherent aptitude is below, the difference between pick one and pick two

considered to be constant. is compared to the difference between pick two and
The modal value of th&™ extremal of a normal pick ten.

distribution is (Gumbel, 1954, equation (3.32)):

_ 1)
=qp1 (.'f ) ( — ma
M !‘{ﬂ +1) Method of Valuation e S S

Ma = My
] o ] Galton ¢ = 0.5) 0.55
where® is the CDF of the normal distribution with  Mode ¢ = 0) 0.41
Mean f = 155,000) 0.63
Asymptotic Mean f — o) 0.70

Table 1: Relative Value of First Pick by Method

PDF ¢. The mean is slightly higher (ibid.): Under the assumptions outlined, the average aptitud
or merit of the best young players in the country
should follow the “Mean” valuation method.

b = g + [Qoglk — 5, + v}/ 2) Consider however the assumption that clubs have

' ng(uy) perfect skills in assessing that hidden variabfe. |

where y ~ 0.577216 is the Euler-Mascheroni cyps are not efficient assessors, the impact ef th
constant and

% The characteristic distribution of the extremathis

-
2 Galton makes the same proposal for merit Gumbel Distribution with CDF EXP{E'E‘ fee )
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error will fall most heavily on the clubs with the 87-C
early picks. In particular, the club with the figgtk By = (7)

can only obtain full value by choosing the best P P

player in the pool. The club with the second piesh The second index indicates the number of Draft
a non-zero chance of doing better than its allocati  Points clubc has prior to pick. To determine the

if the first club makes an error of choice, butldou draft order after the season, the following aldmorit
also make an error and choose a player worse thais run for each pick

the second-best. Perhaps this effect is evidetitdn 1. Find the clubt with the most remaining Draft
findings discussed in the introduction, where the Points, i.e.t : Pyi = max{ P}

first pick is empirically overvalued. 2. Club t owns picki and hasv; Draft Points

| therefore propose to use the modal (or mostyikel removed from its totaP; .1 =P — v

value in the valuation method. This keeps theln this simple model, each club receives a pick in
dependency om, but the valuation ratios do not reverse ladder order for every round.

vary materially from year to year. Note that Draft Points are positive real numbers.

Py

The Worthless Pick Measuring Need

Galton decided that in the simplest version of hisDraft Points could also be allocated in a compjetel
question, there should only be two prizes. Everydifferent way, for instance through a formula which
competitor from third onwards was treated the samerates a team for its ladder position, number ofswin
Having decided on the shape of the valuationand/or percentage (points for / points againstjelOf
method, | also need to set the zero. Every potentiathere are a number of clubs in the middle of the
player below a certain level of aptitude is the eam ladder with similar win-loss records. In 2009,
as far as the clubs are concerned. This is esBgntia Sydney won just one fewer match than Hawthorn
an empirical judgement — when do the clubs decideand had a better percentage, yet received pickg,6,
their next pick is worthless? 38, ... compared to 9, 25, 41, ... because they
In the AFL National Draft, clubs may take between finished three rungs lower on the ladder. On the
four and eight players. In 2009, both Melbourne andDraft Point scale, Sydney were allocated 4,435
Fremantle elected not to use their early fifth-mbun points to Hawthorn’s 3,938 — 12.6% more — despite
picks (#66 and #68 respectively), effectively the difference in quality between the two being
declaring them valueless. The last pick used wasiirtually undetectable. A formula which rated the
#95, compared to #83 in 2008 and #75 in 2007.middling teams closer together would see a more
Geelong traded away two unwanted players (Stevemalanced allocation of draft picks.

King and Charlie Gardiner) in 2007 for pick #90, The philosophy of the draft is to adequately suppor
which they did not use. For the purposes ofstruggling clubs, so that they can become average
constructing the model, | will draw the line af@x  clubs. In the past, the reward for finishing last i
rounds, i.e., pick #97. The exact zero point da#s n consecutive seasons has tended to overcompensate
have much of an effect on the valuation schemethe dire clubs and allowed them to compete at the
because the difference between subsequent pickop of the ladder within 6-8 years (Mitchell et al,
near the zero is quite small. 2009). It should not unduly punish the premier e- th

At the other end of the scale, | will conform tath
NFL convention and arbitrarily value the first piak

3,000 “Draft Points”. Therefore the linear
transformation to pick valueg (0 <k < 97) is
_ My — May (6)
v, = 3000 ——
My — Moy

Allocating Draft Picks to Clubs

Based on their season performance, clubs are
allocated a certain number of Draft Points. The
simplest version of the model replicates the curren

draft, with clubc (numbered from %L on the ladder

to 16" receiving Draft Point#;; according to:

current allocation of the last pick in each round

would remain the standard.

A possible formula to achieve these ends is as

follows:

» The eight finalists are allocated Draft Points as
per (7)

* Non-finalists are given an initial “Need Rating”

(8) based on their number of wins and

percentage. Points for-versus-against percentage

is considered a safe indicator, as teams do not

deliberately set out to be thrashed. It is

demoralising for the players and supporters, and

a percentage below 70% points to dire need

e The Need Rating is topped up with a fraction of
the club’s previous season Need Rating, from
7.5% (9") to 60% (18). Clubs which made the
finals in the previous season have no carry-over
rating



e The Need Rating is linearly transformed into
Draft Points (9) using constants dependent on

(6)

Need Rating‘;rller

where PC is the club’s percentage and PP is thei
premiership points (four for a win and two for a
draw). 94 is chosen so that a team with the
competition average 44 points and 100% is not

PC
o= 04— —FP

(8)

considered in need. NIR; is calculated at less than

zero, it will be taken to be zero.

P, = 4003 + 6710 VA \ \
cdl — - \
%, VR 9) 500 .
3. RESULTS ~
Table 2 displays the complete set of Draft Poinots f KN -
a 16-club, six-round draft. 0O T
1 41 81 121 161 201
Pick Points| Pick Points Pick Poin Pick  Points = = NFL Draft Value Chart
1 3000 25 977 49 504 73 213
2 2593| 26  950| 50 489 74 203 ProposedDraft Points
3 2348| 27 924| 51 475 75 193
g gcl);% gg ggz gg 32% ;g igg tFrigure 1: Thg N'I:L Draft Vre]alue Chart (Crowe, 2008jnpared to
6 1918| 30 851| 54 434 78 164 proposed valuation scheme.
7 1,820| 31 828| 55 420 79 154
8 1,734| 32 806| 56 407 80 145 | 30
9 1658| 33 784| 57 394 81 135
10 1590| 34 763| 58 382 82 126 \
11  1528| 35 743 59 369 83 117 \
12 1,471 36 723| 60 357 84 108 ~
13  1,418| 37 704| 61 345 85 99 300 b <
14 1369| 38 685| 62 333 86 91 ~
15 1,323| 39 667| 63 321 87 82 N
16 1,280 40 649| 64 310 88 73 ~
17 1,239| 41 631 65 298 89 65 N
18 1,201 42  614| 66 287 90 56 30 S -
19 1,164 43 597 67 276 91 48 ~
20 1,129| 44 581| 68 265 92 40 N
21 1,096 45 565| 69 254/ 93 32 \
22 1,065| 46  549| 70 244/ 94 24
23 1,034| 47 534 71 233 95 16 3 o—m
24 1,005 48 518| 72 223 96 8 ] 4l 81 121 161 201

Table 2: Value of th&™ Draft Pick

The only publicly available comparison for this
theoretical model is the NFL Draft Value Chart:
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3.000

2,500

2,000

1,500 -
\\
1.000

= = NFL Draft Value Chart
Proposed Draft Points

Figure 2: The NFL Draft Value Chart compared to pineposed
valuation scheme on a logarithmic scale.

The extreme-value model clearly does not fit the
published NFL charts, even after taking the USA's
larger population into account. The mid-range
choices on the chart are substantially undervained
comparison. It appears from the log-scale Figure 2
that the NFL chart may have been drawn from a
simple logarithm then smoothed from about pick
130 to asymptotically approach zero. Potentially
there is merit in this smoothing, as late picksehav
some residual value due to the rare good player who
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is still uncovered at that late stage, but most el
close to the minimum league standard.

The divergence between the two curves is similar tc
that seen by Stuart (2008), who used empirical
career data to rate the actual picks from 1970 tc
1999.

2009 Season Example

Table 3 compares the number of Draft Points club
would receive under various scenarios. The secon
column is a regular ladder without any priority
picks, the third column is how the points were
allocated after Melbourne received the prioritykpic
and the fourth column shows what clubs would have
received under the formula of the previous section.

Club Regular 2009 Draft  Proposed

Geelong 3066 2961 3066

St Kilda 3176 3066 3176

W Bulldogs 3289 3176 3289 Figure 3: A regular draft (left) compared with omm according

Collingwood 3407 3289 3407 to the proposed valuation scheme. Columns are lkhes dn

Adelaide 3530 3407 3530 reverse ladder order; each row is a draft pick ftomto bottom.

Brisbane 3659 3530 3659

Carlton 3795 3659 3795 Melbourne receives picks #1, #15, #31, #47, #64 and

Essendon 3938 3795 3938 #77 in the proposed scheme. Its second pick pre-

Hawthorn 4091 3938 4324 empts €=2) St Kilda’s first pick, which becomes

P Adelaide 4256 4091 4446 #16. As compensation, St Kilda receives its third

West Coast 4435 4256 4687 pick ahead of Western Bulldogs=@). Note also

Sydney 4633 4435 4422 that although Fremantle received pick #2, the

North Melb 4858 4633 4603 . C : !

Fremantle 5123 4858 5132 subtrac_uon of thap pick’s value means its n_exkpax:

Richmond 5459 5123 1978 not until #22 (& in the “round”). By the time the

Melbourne 5961 8459 6225 draft gets to the last round, the order is
Table 3: Draft Points comparison unrecognisable.

The extraordinary boost received by Melbourne for4. DISCUSSION
not winning its last game of 2009 is evident hae:
extra 2,498 Draft Points. There are severalApplications of the Draft Point valuation scheme ar
differences in the proposed scheme, with Fremantlélumerous. They provide trade utility, not being
and West Coast (f4and 1% in 2008) carrying grossly quantised like players or full picks.
some Need Rating over to 2009. Melbourne wouldAdditionally, clubs that lose a star player to avne
have received 6475 Draft Points in 2008, beforefranchise could be appropriately reimbursed with
winning an extra game with a substantially superiorDraft Points by making the existing discrete
percentage in 2009. compensation formula continuous.
Clubs which transgress against salary cap
Figure 3 shows how the picks are allocated in aregulations or other AFL rules could be penalisnad i
traditional draft (left) compared to one derivedrfr ~ Draft Points, not necessarily completely excluded
the points of the last column of Table 3: from the draft.
The AFL National Draft is followed by a Rookie
Draft and Pre-season Draft. While these have not
been mentioned in the methodology, they should be
brought into the same system. Mitchell et al (2009)
assert that players selected early in the RookadtDr
can have an impact similar to a second-round
National Draft pick.
We may also judge past and future trades and player
selections against the measuring stick of Draft
Points. As an example, during 2009 Trade Week
complex negotiations between Hawthorn, Essendon
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and Port Adelaide involving star players ShaunBarzilai, A. (2007). Assessing the relative valuedehft
Burgoyne and Mark Wiliams had reached an position in the NBA draft82games.comAvailable at
impasse because the teams could not agree on thettP://www.82games.com/barzilail.htm. N
number of the draft pick. Geelong entered theBidforg' A, & Sﬁh‘femb”ﬁ A. ﬁ (2006). fA ;?robab|(lj|tyft
: . . . . ase approac or the allocation o player ra
dISC#SSIOnSfand prowdeg an a<f:ce|ptab|e dr?ft F."Ck ! selections in Australian Rules footbalburnal of Sports
exc ang? or a number of lower se ectlops. Science and Medicine, 509-516.
Geelong’s contribution can be accounted for thus:  gerri, D. J., & Simmons, R. (2009). Catching a draft:

the process of selecting quarterbacks in the Nation

Transaction Draft Points Football League amateur drafiournal of Productivity
Sell pick #33 -784 Analysis, published online 18 September 2009.
Sell pick #97 -0 (not used) Blom, G. (1958). Statistical estimates and transémm
Receive pick #40 +649 beta-variables. Published by John Wiley & Sons.
Receive pick #42 +614 Borland, J., Chicu, M. & Macdonald, R. D. (2009). Do
Receive pick #56 +407 teams always lose to win? Performance incentives an
Net Gain +886 the player draft in the Australian Football League.
Table 4: Geelong's Pick Trading in 2009 Journal of Sports Economics, ,1451-484.

Burger, J. D. & Walters, S. J. K. (2009). Uncertain
Prospects: Rates of return in the baseball diaftrnal

e of Sports Economics, 1885-501.

Cramér, H. (1946). Mathematical methods of stasstic
Published by Princeton University Press.

Geelong made an extraordinary 886 point gain on
the trade, the equivalent of an extra #29 pick. On
might think they had a mathematician in the

negotiations! Crowe, S. (2009). Where the New England Patriotsdsta
on the NFL Draft Trade Value Chamlew England
5. CONCLUSIONS Patriots Examiner (blog), April 23, 200%vailable at

http://www.examiner.com/examiner/x-1324-New-
This paper has presented a mathematical basis for England-Patriots-Examiner~y2009m4d23-Where-the-
Potentially there are other applications where Value-Chart _ .
allocations of choice are made, for instance ingam David, H. A. & Nagaraja, H. N. (2003). Order sttGs.

theory. Calibration of the model for other sporting Eﬂ)‘:ﬂﬁ?y a% Svt\{,jlllt?s)ggterC'ence (Wiley - Series in

leagues should be relatively easy and robust. Dronkers, J. J. (1958). Approximate formulae foe th
Mitchell et al (2009) have examined AFL  statistical distributions of extreme valueBiometrika,
performance data relative to draft position and 45,447-470.
identified two disjoint trends, for high and low Fisher, R. A. & Tippett, L. H. C. (1928). Limitingfms
picks. It would be interesting to re-examine their of the frequency distribution of the largest anchbest
data for fit against this model. Qﬁ:ﬂber h(')f ?Ssam$|dzfggefé%95 of the Cambridge
A possible extension would be to include a _"n'osopnical Society, I .
stochastic model of the clubs’ ability to choose th CAtON: F. (1902). The most suitable proportionwen

. the values of first and second prizBsometrika, 1 385-
next most talented player in the pool. Another 599
candidate for adjusting the model would considergympel, E. J. (1935). Les valeurs extrémes des
that many draftees never play, despite having an distributions statistiquegnn. Inst. H. Poincaré, 5,15-
aptitude very close to AFL standard, so their dctua 158.
value to the club is lower than the extreme-valueGumbel, E. J. (1954). Statistical theory of extrerafies
model suggests. These may smooth the characteristicand some practical applicationBlational Bureau of
curve in a way similar to the NFL Draft Value Chart _ Standards Appl. Math. Series, 3351. .
It is hoped that mathematicians can play our part i Gumbel, E. J. (1958). Stafistics of extremes. Buklil by
removing the taint of tanking from the AFL, if only HCqumbla University Press.

o . . . : aldane, J. B. S. & Jayakar, S. D. (1963). Theibistion
to give journalists something more edifying to writ of extremal and nearly extremal values in sampies f

about. a normal distributionBiometrika, 5089-94.
Harter, H. L. (1961). Expected values of normal eord
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Abstract

In this research a Generalized Logistic Model (GLiMused to model outcomes of Australian Ruleskfalbt
matches in real-time. Incorporating differencedarh quality and score difference the outcome ofribdel is
the probability of victory at each of the quarteng breaks. The parameters of the GLM are a funabib
opponent quality and are optimized via simulation éach quarter. Archival AFL data was obtainedrfro
seasons 2000 to 2009 which consisted of year, ragumatter, (nominal) home team, away team, homm tea
score and away team score. Seasons 2000 to 2004sedeas a training set for the forward predictién
seasons 2005 to 2009. Comparisons are made thnatughainst a simple Brownian motion model. Both
models are then evaluated on predicted and aatobhpilities of winning.

Keywords: AFL, real-time, optimization, generalized logisthodel, curve fitting, prediction

1. INTRODUCTION

Sports commentators in game sports constantly
talk about the likelihood of either team winning at
any point in time rarely with any empirical
evidence to support their suggestions. Comments
such as “Boston Celtics rarely loses the match if
they are leading at three quarter time” are very
common. It has been shown by Cooper, DeNeve
and Mosteller (1992) that either team leading after
three quarters of the game in Basketball (NBA),
Football (NFL) and Hockey (NHL) won
approximately 90% of the time. This is of course
without making any adjustments for quality of the
two competing teams. However, Australian Rules
football (AFL) is known for its high level of
uncertainty intra-match with the team leading at
three quarter time winning approximately 85% of
matches. The colloquial saying “the match is not
over until the final siren is blown” has never been
more appropriate. It is this uncertainty that draws
spectators to matches and entices academics to try
and explain it.

The outcome of an AFL match is dependent on
several important factors which may include but
not limited too: home ground advantage, injuries,
current form, the opposition, weather and match

time (day, night and twilight). Some factors may

have more effect than others while others may
have no effect at all. However, once the match is
underway these so called important factors are
likely to have less and less influence as the match
progresses. Other factors start to have more
influence such as current score and time remaining
in the match.

Falter and Pérignon (2000) determined the in-
game probability of winning a soccer match using
binary-probit models. Matches were split into five
sub-periods of 15 minutes with the model being
re-estimated after each period as more information
becomes available. Objective (pre-game) variables
included home advantage and the standing
(ranking) of both teams, intra-match variables
included goal differential dummy variables. The
coefficients of the objective variables were not
assumed to be constant (Bayesian updating
process). As the game progressed home advantage
had less influence on the outcome of the match.
The team’s ranking was most critical in the first
and the last period. Goal difference is increasingl
crucial towards the end of the match. Notably, not
much is known about the interaction between the
objective variables and current score.
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Bailey and Clarke (2008) predict run total of the
batting team in One Day International (ODI)
cricket matches while the game is in progress.
Using multiple linear regression to obtain the pre-
match Margin of Victory (MOV) in conjunction
with the Duckworth-Lewis method to determine
resources remaining, an updated MOV could be
obtained at the conclusion of each over. This
model was then implemented to investigative the
efficiency “in-play” betting markets in ODI with
marginal evidence that punters may over/under bet
particular teams relative to their chances of
winning.

Klaassen and Magnus (2003) develop
TENNISPROB a computer algorithm which
amongst other things instantaneously calculates
the in-game probability of either playing winning.
Provided points are independent and identically
distributed (i.i.d) the match probability can be
determined by the probabilities either player wins
a point on their serve, the type of tournament,
current score and the current server. A previous
study by Klaassen and Magnus (2001) found that
although points in tennis are not i.i.d. the
deviations are so small that the i.i.d. assumpion
justified.

More relevant studies of intra-match prediction in
game sports include Stern (1994) and Glasson
(2006). Stern (1994) considered using a simple
Brownian Motion Model (BMM) to provide an in-

game probability estimate of team’s chance of
victory in baseball and basketball. The model

incorporates a pre-game point estime(;a) to
adjust for home advantage, score differer(l:}
and time elapse(dl). For the BMM model to be

valid the score differenceX (t) is assumed to be
normally  distributed  with meagtit and

varianceg?t ; and X(S) - X(t) for somes >t

is independent o)f((t) Stern found reasonably

evidence to suggest the data for basketball were
reasonably consistent with BMM in the first three

quarters with the home team outscoring the

visiting team by approximately 1.5 points and a

standard deviation of approximately 7.5 points.

However the fourth quarter was remarkably

different with only a slight advantage to the home

team. A possible explanation given by Stern is that
if a team has a comfortable lead they might ease
up or use less skilful players.

In basketball, observing the probability of the
home team winning (y-axis) against score

difference (x-axis) at each of the quarter time
breaks reveals an inverted S-shape pattern [Stern
(1994), p1132]. The shape of the two bumps in the
S-shape pattern is more pronounced as the match
progress which reflects the increase significarfce o
being ahead on the scoreboard late in the game.

Glasson (2006) builds on this and applies the
model defined in Stern (1994) to Australian Rules
football replacing the pre-game point estimate
(/,1) with the bookmaker’s line to adjust for home
ground advantageand the quality of the two
teams. Again the data seemed relatively consistent
with the BMM, with the errors for each quarter
between the bookmaker's line and the non-
cumulative score difference for each quarter
approximately equal to zero. That is,

g = X(t)- X( -1)-%= [1]

However, the error term defined in [1] is biased

because it measures the average error of the
bookmaker’s line and score difference, and fails to
take into account their interdependence. For
example, consider two scenarios (1) a heavy
favourite isahead on the scoreboard at tinteand

exceeding expectations at timk+1, that is,
[X(t+1)—X(t)>,u/4] and (2) a heavy
favourite isbehind on the scoreboard at time
and falling short of these expectations at

timet +1, that is, [X(t+1)—X(t)<,u/4]
averaging these two scenarios out leads
to[X(t +1)— X(t) = ,U/4]. Table 2 shows the

in-game scoring behaviour of Australian Rules
football teams and provides evidence that

X(S) - X(t) for someS >t is not independent
of X (t)

Quarter| Favouritg Next Quarter)? (t)
1 Ahead +4.69
Behind +3.21
2 Ahead +6.32
Behind +1.12
3 Ahead +6.12
Behind +1.38

Table 1 Mean difference between the favourite

and corresponding underdog team scé@ét) in

the 2% 39 and 4" quarters as a function whether
the favourite was ahead or behind at the end of the
previous quarter, 2000 to 2009.



Although increasingly more research is being
directed towards real-time predictions in game
sports, no such literature to date takes into attcou

the interdependence between opponent quality,
current score and time remaining in the match.
Therefore the purpose of this paper is to develop
more statistically robust non-linear (S-shaped)
functions for real-time prediction in AFL that

provide a superior fit and account for the

interdependence between score difference and
quality of opponent at each of the quarter time
breaks.

This manuscript is divided into four sections; (2)

describes the methodology of curve fitting and the
reasoning of applying the Generalized Logistic

Function to our data; (3) the methodology of

finding the optimal parameters of the non-linear

function to maximize the predicted probability of

winning; (4) details the results of the model

including predicted accuracy and describes the
change in distribution of the non-linear function

subject to time elapsed, score difference and the
difference in quality between the two teams; (5)

conclusions of the research including future

directions.

2. CURVEFITTING

Akin to regression analysis, curve fitting is the
procedure of fitting a probability distribution
which gives the best fit to a series of data points
Typical probability distributions used in curve

fitting include Beta, Exponential, Gamma,
Generalized  Logistic, Gompertz, Linear,
Lognormal and Weibull. Kuper and Sterken

(2006) apply the inverted S-shaped Gompertz
function to model the development of world
records in running. They find that the point of
inflection, that is, the period of greatest gain
[Nevill and Whyte (2005)] in running was in the
1940’'s and 1950's. Due to the asymptotic
behaviour of the Gompertz function, implied limits
of world records could be deduced.

To aid in the selection of a probability distrikori

to predict the outcome of an AFL match in real
time, the actual probability of winning was plotted
against the score difference at each of the quarter
time breaks for varying differences of opponent
quality. The results suggest a non-linear (S-
shaped) function as suitable with a lower
asymptote of zero and an upper asymptote of one.

Ryall, R. and Bedford, A. 123

Therefore, the four-parameter Generalized
Logistic function was utilized which is given by

Pr L [1]

L oll)= l]_+Qe‘B‘(SD_Mi)J1/Vi

where PF o (t)denotes the probability of teatn

winning at quarter, for given score differenceD.
Four parameters for each quariesire estimated.

B controls the rate of growthM shifts the time
of maximum growth,Q depends on the value

Pri,o(t) and VvV affects which asymptote
maximum growth occurs.

Figure 1 illustrates the effect each of the
parameters (excludin@) has on Pri’SD (homé
keeping all the other parameters constant.

3. METHODS

This papers analysis is based on seasons 2000 to
2009. AFL data was gathered from ProEdge a
statistical package developed by ProwWess Sports.
Data consisted of year, round, quarter, (nominal)
home team, away team and home team margin. A
pre-game point estimate (bftNE) was calculated

for each match for seasons 2000 to 2009 using the
ratings model developed by Ryall and Bedford
(2010). For example, in round 9 2010 Essendon
(home) played Richmond (away) théNE was
+28 points in favour of Essendon. That is, prior to
the start of the match Essendon are expected to
win by 28 points.

Four parameteB8,M, Q and Vv of the
Generalized Logistic function need to be
optimized for each quartér However the model
given in [1] does not incorporate opponent quality
herein referred to as tHdNE. Therefore each of
these parameters is replaced by a simple linear
equation. A linear model was selected for
simplicity and also seemed suitable after plotting

the data. SinceQQ depends solely on the value
Pro(t), and Pr(t)= 05whenLINE =0

(i.e. probability of winning equals 0.5 when scores
are level and quality of both teams is the same),
therefore M =0 when this occurs and thus Q
becomes a function of given by:

Q =%2-1 [2]
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Therefore we now have five variables to be
optimized for each quartér

B = Bl + B2 [ABS(LINE)]

M, = M 2,[ABS(LINE)]
v, =4 +Vv2,[ABS(LINE)]

81

Since every match has a nominated home team
and a nominated away team the sum of these two
probabilities must equal one for quarterand
given score differenc&D. That is, for every match

Pr o (home + Pr o (away) =1 a

Therefore,
Pro(t)=
11+Qe‘3i%53‘Mi)J”Vi , if t =home [5]
1 if t =away

1- ll+ Qe—E;i (—SD—Mi)Jllvi !

As appose to Stern (1994), the probability of
winning at timei given in [5] allows for the
interdependence of team quality IE) and score
difference @D), since the contribution of team
quality is dependent on score difference and vice
versa.

There are several different loss functions that can
be utilized for evaluating prediction models
(Witten and Frank, 2005). In this research we will
concentrate on quadratic loss or more specifically
theBrier Score (Brier, 1950) which is given by:

BS=23 (p -0

i=1

[6]

Wherep, is the forecast probability and, is the

outcome variable (win=1, draw=0.5, loss=0).
Seasons 2000 to 2004 were used as a training set
in the forward prediction of seasons 2005 to 2009.
Simulations were carried out utilizing the Monte
Carlo algorithm using RiskOptimizer an add-in for
Excel.

Several constraints are placed on the parameters
given in [3]. Firstly the parameters

B,, B,,Vv,andv, should all be nonnegative (or

zero) and M, should be negative (or zero)
because as LINE increases so too
shouIdPri’SD(homé. Upper bounds are also

placed on the parameters to reduce the total
possible number of combinations and speed up
convergence. These bounds were determined from
figure 1.

4. RESULTS

Figure 2 displays the empirical probability of
winning as a function of score differenceD] at
each of the quarter time break for varying levéls o
quality of opponent. Akin to Stern (1994) as the
match progresses score differen&®) has more
influence whilst quality of opponent has less.

Various measures can be used to evaluate the
performance of prediction models in game sports.
Some commonly used measures in the literature
include Average Absolute margin of Error (AAE),
number of predicted winners and Return on
Investment (Bailey and Clarke, 2004). Since the
number of predicted winners will tend towards one
as the match progress an alternative measure is
needed to evaluate the performance of the GLM.
Akin to Stephani and Clarke (1992) this research
will compare the predicted probabilities and actual
probabilities winning and their corresponding
proportions for the GLM compared to the BMM.
Firstly the predicted probability of the in-game
favourite winning is banded into five subgroups.
The number of games and the actual probability of
winning for each subgroup of predicted
probabilities are shown in Table 2. For example, in
the first quarter the BMM had 22.9% of all
matches as a 50-59% favourite, teams that fell in
this category had a 56.1% chance of victory on
average.

The importance of having a high level of predicted
probabilities without compromising the actual
probability of winning is critical from a betting
perspective (Ryall and Bedford, 2010). Therein
they show that long term profits are attainable
when there is a significant advantage in the
bettor’s favour where advantage is defined as:

A=(PxMO)-1 [7]

whereA = advantage? = predicted probability of
winning, andMO = market odds.

Although the number of winners predicted by the
two different models is approximately equal the
distribution of predicted probabilities for the GLM



is heavily skewed towards one (win). Interestingly
the GLM increasingly outperforms the BMM as
the match progresses.
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Similarly in some cases of the BMM the actual
probability of winning falls above the predicted

range particularly late in the game. This can be
attributed to assumption that future scoring
behaviour is independent of current score.

Prisolt)

-100

Score Difference

1.000
0.900

Pr; solt)

-100 -50 0

50 100

Score Difference

Pr solt)

1.000

0.900 |.¥%
lq

0.800 ¢

Score Difference

100

Figure 1 The Generalized Logistic Function for varying paeger values keeping other parameters constant

Quarter 1 Quarter 2 Quarter 3
Predicted BMM GLM BMM GLM BMM GLM

Probability

0.50-0.59 0.561(0.256) 0.468(0.213) 0.602 (0.192574 (0.153) 0.500 (0.117) 0.588 (0.076)
0.60-0.69 0.615(0.225) 0.634 (0.206) 0.697 (D.170.699 (0.127) 0.684 (0.107) 0.603 (0.071)
0.70-0.79 0.756 (0.230) 0.713(0.235) 0.815 (@.170.740 (0.169) 0.802 (0.142) 0.720 (0.092)
0.80-0.89 0.859(0.167) 0.823(0.228) 0.889 (.210.843 (0.222) 0.945 (0.163) 0.822 (0.152)
0.90-1.00 0.959(0.110) 0.958 (0.107) 0.968 (8.240.951 (0.318) 0.980 (0.461) 0.970 (0.598)

Note. BMM = Brownian Motion Model, GLM = Generalé.ogistic Model.

Table 2 Predicted and actual probabilities of winning and
corresponding proportions (in parenthesis), sea3085-2009
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Figure 2 Smooth curves showing the probability of winnimgAFL match at
quarter time, half time and three quarter timegioen score differencgD



5. CONCLUSION

This research shows that current score and
opponent quality in Australian Rules football are
interdependent variables which depend on time
remaining in the match.

This research opens the door for future research
into the modelling of high scoring sports in real-

time. The authors suggest any future work in this
area should incorporate time as a continuous
variable and thus account for the interdependence
between difference in opponent quality, score
differenceand time elapsed.
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Abstract

Elite sporting clubs are using advanced technokgsh as Global Positioning Systems (GPS) to assilst
issues like fitness and strength conditioning,itattand strategic analysis of the game and itggoiaas well
as rehabilitation (Catapult 2009). These issues laisen as the game of Australian Rules Footladl h
become more physically demanding and faster; lgagtirincreased likelihood of injuries to elite atas (Le
Grand 2008). This is done by measuring and anajydata from sensors, including multi-axis accelextars
and heart rate monitors (Catapult Innovations Rty2008).

In this paper a conceptual framework is proposednasutcome from a literature review and prototypely

of Australian Rules Football Clubs in the AFL. Thenceptual framework comprises of four models; 1)
fithess and strength conditioning model, 2) tattical strategic analysis model, 3) rehabilitatiomded and 4)
injury management model. This paper explores that fivo models in the conceptual framework showing
clubs how GPS can be applied to fitness and stermtditioning as well as tactical and strategialygsis.

The fitness and strength conditioning model is caosaol of six components encompassing coaching staff
setting benchmarks for players, the completionpafctfic fitness tasks before and after the gameelkas
determining if players are fatigued. The model sisscoaching staff with player’s fitness and stteng
ensuring they are ready after the game to commeaceal training and are not suffering any afteeet§ of

the game such as fatigue.

The tactical and strategic analysis model captthesperformance of individuals and teams live dyrihe
game assisting coaches in modifying tactical atstjic practices or determining if players arehia torrect
position on the field. It also assists coachindf stamake decisions about moving players to ofhesitions
based on the benchmarks they are or are not meeting

The outcome of this research has been to developdel for each of the three Catapult InnovatiorGOg)
research areas; fitness and strength conditiomagical and strategic analysis and rehabilitaisnwell as a
model for injury management, which is another ingair application of GPS within the AFL.

Keywords: AFL, Global Positioning Systems, Tactical andagigic Analysis, Fitness and Strength
Conditioning
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1. INTRODUCTION increase muscular strength, muscular endurance, and
The aim of this research is to develop a conceptuaflexibility” (National Strength and Conditioning
model for the application of GPS within the arebs o Association 2008, p.4). When examining fitness and
fithess and strength conditioning and tactical andstrength conditioning GPS devices allow coaching
strategic analysis in the Australian Football Leagu staff to measure players’ physical effort and
This will be developed with information from a compare it to the effort of the players on match. da
literature survey and then fine-tuned with resultsit also allows coaches to design a training program
from a prototype study. At present there are nofor individual players as well as the whole team as
conceptual models that outlines the application ofplayer’s physical limits are known. Furthermore the
GPS within the two research areas fitness ancexertion of players is transparent which allows
strength conditioning and tactical and strategiccoaching staff to know exactly what is happening
analysis. with an individual player at a given time (2009rge
comm. 25 August).
2. BACKGROUND
Fitness and Strength Conditioning It can be determined from the literature that the u
Player performance can measured and monitoredf GPS for fithess and strength conditioning
through GPS with systems measuring the velocity ofprovides the potential for coaching staff to regiec
a player and their movements; the distance playergame demands in a controlled environment and
run; the accelerations a player makes throughaut th enables clubs to minimise the risk of injury toithe
game; the player load through both running and nonplayers during training drills. This simulates ey
running activities and the heart rate of the playermatch experiences in training drills whilst
(Catapult 2009). This allows coaches to replicateminimising the chances of injury during peak
and simulate game demands allowing them to makeplaying performance. This is done by slowing the
more informed decisions based on a specific set ofraining session down or resting players when GPS
circumstances whilst aiding players in decision software informs coaching staff they are exceeding
making (Dawson et al. 2004). Furthermore the specific benchmarks and thresholds. “That in turn
physical intensity during training sessions can bemeans that in matches our players can run faster an
measured by comparing data from games to the datéor longer periods and are not as fatigued whewy the
received from the devices worn by players atget the ball, which means they are more likely to
training sessions. Coaching staff can then viewa dat execute skills properly” (Pavlich 2008, para.21).
retrieved from the units in both situations and
narrow down which areas players need to improve inMonitoring player fatigue is a critical componerit o
order to replicate game demands, such as 100 metditness and strength conditioning. Wilmore, Costill
sprinting, intensity, the force of tackles laid and and Kenney (2008, p. 113) define fatigue as “the
player work rate. A study conducted by AFL decrements in muscular performance with continued
researchers in 2008 tracking 1500 players using GP®ffort”. When applying this definition to elite
devices during matches found that “players nowAustralian sport, fatigue is the decrease in muascul
were not running at top speed (above 25 km/h) aperformance with continued effort over a period of
much as they were and they were running a slightlytime (Wilmore et al 2008) which can be caused by a
less overall distance and they were running at anumber of factors including low blood glucose,
higher average rate” (Gleeson 2009, para. 5). iEhis depletion of muscle fuels, overheating and
supported by information such as the average playedehydration. Slobounov (2008, p. 77) adds that
“travel[s] approximately 15kms during a game but fatigue “can refer to both physical and mental
half of that is generally jogging or walking, seth  exhaustion due to prolonged stimulation or
run 8-10kms and run intensely for 3-4kms” (Sydney exercise”. GPS data can aid in determining when a
Swans 2006, para. 10). This allows coaching staff t player is fatigued. Depending upon the
determine how far a player can travel at a pasicul predetermined benchmarks, the GPS software
speed during a match before coaching staff need tinforms coaching staff when a player reaches their
rest them and rotate them on the field for a playerfatigue benchmarks allowing them to decide whether
who can perform more optimally. the player should be removed from the field.
Although there is literature about the impact of
“At the most basic level, the strength and fatigue on players and the increased risk of injury
conditioning professional is concerned with there is no mention on prevention or management
maximising physical performance and must either with the use of GPS devices.
therefore conduct programs that are designed to
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Symptoms of fatigue include: performance of demanding cognitive activity and characterized
decrements; decreased effort during exercisepy subjective feelings of ‘tiredness’ and ‘lack of
decreased work rate and lactate threshold; sore oenergy™. Further, through higher perception of
aching muscles; muscle weakness; slowed reflexegffort rather than cardio respiratory and muscular
and responses; impaired decision making andmechanisms, mental fatigue limits exercise tolezanc
judgement; impaired hand to eye coordination, poorin humans (Marcora et al. 2009). Hence, players
concentration and a reduced ability to pay attentio who become mentally fatigued perceive they aré stil
to the situation at hand (Garrett & Kirkendall 2000 operating at optimum performance, but this is
Victorian Department of Human Services 2007). merely a perception of the effort they are puttimg
Therefore when a player shows evidence of theseather than the actions their bodies are making in
symptoms and continues their role on the field, itorder to achieve this performance. This reflectsrth
could have an adverse affect not only on the playerperception of the effort they are exerting rathemt
with the potential for injuries, but for the teamda  their actual performance levels (Marcora et al.
the result of the match. Collingwood Football Club 2009). AFL Chief Operations Manager Adrian
fithess coach David Buttifant believes “the potahti Anderson has determined from GPS data "Team-
to monitor players' fatigue levels could mean ¢rort based success closely related to team work rate -
injury lists” (Quayle 2007, p. 5) whilst GPSports harder-working teams finished higher on the
founder and managing director Adrian Faccioni premiership ladder” (Barratt 2009, para 3). This
supports this by arguing “the technology would help statement highlights how critical it is for the GPS
reduce injuries caused by fatigue” (Quayle 2007, p.data to be monitored during games ensuring that
5). Reducing the risk of an injury occurring cakea when a player’s work rate declines they are replace
place by Ways to reduce the risk of injury are to by a player who can perform at a higher work rate.
removing and/or rotating players on and off thédfie Hence, it is critical that players are removed from
as coaching staff are alerted when players isthe field at the onset of fatigue when detected and
fatigued. replaced with a fit player who can perform at
optimum pace.
A study conducted on the affect of fatigue on the
decision making of water polo players when As it can be determined from the literature there i
shooting goals found “that incremental increases innot presently a model or guide for the ‘best practi
fatigue differentially influenced decision-making, implementation of GPS for fithess and strength
technical skill performance, and accuracy and powerconditioning.  More  specifically one that
of a goal-shot” (Royal, Farrow et al. 2003, p. 83). encompasses all aspects of the area such as the
Similarly in AFL football fatigue affects the ability to set benchmarks for players based on
accuracy and power of a goal shot although differen statistics or information received from previous
parts of the body are used to score goals eg.rthe a training sessions, the ability to determine if ayelr
for water polo and leg for football. The effects of is fatigued and the measurement of players
fatigue within both sports are still the same. Whenperforming specific tasks.
this concept is directly applied to AFL this means
that each time a player’'s level of fatigue incrsase Tactical and Strategic Analysis
their ability to make appropriate decisions, theywa Tactical and strategic analysis using GPS data
they perform skills and actions, their body motions allows coaches to examine team structure and player
and accuracy are all heavily affected and impairedmovement (Catapult 2009) which may include
Therefore it is suggested that when players becomelusters of players, known as the forward, midfield
fatigued, which is flagged by the use of GPS or backline. This type of analysis may be combined
software, they are immediately removed from thewith synchronisation of video footage (Catapult
field. If players remain on the field it can resifit  2009). Further, it allows coaching staff to manage
poor decision-making resulting in opposition goals, individual player interchanges for greater
injuries and performance degradation. Which has areffectiveness.
impact on the overall team not just individual
player(s) experiencing fatigue. As AFL has become more physically demanding and
faster (Le Grand 2008), the role of the interchange
Fatigue encompasses more than the decrease Imench has also evolved. In the 2004 AFL season, for
physical performance. Marcora, Staiano andexample, teams averaged 30 player rotations, while
Manning (2009, p.857) define mental fatigue as “athey are now (2008) averaging 80 rotations per
psychobiological state caused by prolonged periodgame, which is an increase of over 250% on
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previous years (Wellman 2008). Just in the pastinformation into training drills designed to simida
years alone (2008) player rotations have increasediame demands and focus on core components of
by more than 30% (Wellman 2008). The large player’s fitness and skills.
increase since 2004 (Wisbey et al. 2008), is
attributed to a combination of multiple factors aii  As it can be determined from the literature there i
have been noted from GPS data, includingnot presently a model or guide for the ‘best practi
monitoring of player heart rates; the decisiondstr implementation of GPS for tactical and strategic
players when they reach specific benchmarks, theanalysis, more specifically a model that
ability for coaches to set individual benchmarkd an encompasses all aspects of the area such as the
thresholds for players; player recovery time; ptaye capture of team performance, monitoring of player
fatigue with respect to distance travelled; and@ie structure and movement and a post-game GPS data
force measured from tackles (Wisbey et al. 2008).review.
Currently there is no literature in regards to
individual or types of benchmarks set by AFL 3. METHODOLOGY
coaching staff for elite athletes, this is at the A prototype survey comprised of sixty-eight
discretion of fitness staff based on their indidtlu qualitative and quantitative questions divided into
goals for players and the team. six categories; Players and teams, data, GPS units,
injuries, training and restrictions was given to a
When using GPS data during training, the coachinggroup of ten coaching staff who are currently or
team set benchmarks for individual players based orhave previously coached clubs in the South Australi
their fitness; aerobic strength; heart rate; pnesior ~ National Football League (SANFL), Junior South
current injuries and the distance they can cover afAustralian State team coaches and coaches of Under
certain speeds before experiencing fatiguel8 teams. The group of ten participants completed
(Edgecomb & Norton 2006). During the match, the survey and made suggestions regarding the
when a player exceeds their benchmark, thereadability, structure and usability of the survey.
coaching team is informed, providing the This resulted in changes to the way seven questions
opportunity to rest the player. There is somehad been worded to easier comprehension.
evidence suggesting the decision is automatic, for
example Le Grand (2007, p.43) states, “whenever &wo data analysis techniques were used in this
player starts to ‘red-line’ on any given measure, h research 1) statistical analysis to analyse the
is brought to the bench and replaced by a team-matquantitative answers and 2) the use of Leximancer
with fresh legs, enabling the game to continue atsoftware to analyse the qualitative answers.
maximum speed and intensity”. Fremantle FootballThe survey was then posted to the senior coach of
Club’s strength and conditioning coach Ben Tarboxeach of the 16 AFL clubs to complete.
adds “from a physiological perspective, you can
determine how hard they can run for a certain plerio The use of statistical analysis allows the caloofat
of time and how long they need to recover” (Le of the percentage of ‘yes’ and ‘no’ answers reagive
Grand 2007, p.43). However, in practice, if a ptaye for each question and how the two percentages
is not making undue errors, or if other players arecorrelate. Leximancer assists and confirms concepts
more fatigued, the player may remain on the field.and relationships the researcher has already
Ultimately the decision remains with the coaching discovered and established. The software “takes a
staff. However, GPS is likely to provide more substantial body of text and rapidly consolidates i
accurate information, upon which they can makeinto meaningful ‘Themes', ‘Concepts' and their
these decisions, associated relationships” (Leximancer 2009, para.
1).
Dawson et al. (2004, p. 292) states that “sports
scientists and coaches spend a great deal of timé. DISCUSSION
planning training drills and programs that are Response Rates
designed to stimulate game demands by replicatingiwelve responses were received from AFL clubs out
the physiological skill and decision-making of a possible sixteen. Three of these are deemed
requirements of actual competition”. The ability to unusable as two respondents selected both yes and
recreate game demands during training sessionso responses for some of the quantitative questions
provides the potential for coaches and their dtaff whilst the other returned a partly completed survey
gain competitive advantage from information This resulted in a valid response rate of 56%
received by GPS units and incorporating thetherefore statistical analysis cannot take place as
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there is insufficient data to perform statistical and within the team. Benchmarks alert coaching
analysis. staff when upper or lower thresholds are not being
met or are being exceeded, they also informs
Selected clubs chose to follow up and providecoaching staff when players are fatigued through a
further detailed information for the survey questio set of alarms and customisable rules within the
via phone and email. This assisted in ensuring thasoftware.
survey answers were correctly interpreted validated
and the results obtained by the research wereatorre This links to the second component of the model,
which measures a player’s fitness/ability to perfor
Fitness and Strength Conditioning a designated task while wearing the GPS device
The fitness and strength conditioning model wasimmediately before a game. This assists coaching
developed based on the knowledge that coaches amstaff in determining if a player is fatigued poante.
setting benchmarks based on information andExamples of tasks a player might be asked to
training data from the pre-season, as well as pasperform include: a short distance sprint, a jogdor
seasons for players who have been at the club longedesignated period of time and/or distance or ggilit
than a year then using this information after a gam tasks to measure heart rate.
to determine if a player is fatigued. If a player i
experiencing fatigue then it is recommended theirThe third component of the model is conducted
training program is redesigned until they have immediately following the game and involves the
recovered. This will ensure their risk of receivismag  player performing the same tasks conducted during
injury is not heightened and the player won't gmin the second component.
the next game without completely recovering. It
demonstrates the processes of using GPS data frofhhe fourth component involves coaching staff
training sessions and previous seasons to measudetermining if the player(s) wearing GPS device(s)
fithess and performance before and after a game. lare fatigued, taking into account they have just
also shows a link between the application of GPSplayed a game. Individual clubs have their own
and managing player fatigue post game; this can benethods of calculating the results and taking the
seen in Figure 1. effect of the game into consideration. The results
from the calculation determine if the player(s) who
wore GPS unit during the game are fatigued.

Fitness and Strength Conditioning

Set benchmarks via GPS software for
players based on information recorded

from training sessions and pre season

l

Measure fitness performing specific
tasks via GPS before the game

}

Measure fitness performing the same
tasks via GPS after the game

l

Determine if player is fatigued from
test results

Player fatigued——

Redesign training for player

Player continues with normal training

The next component depends on whether the player
is determined as being fatigued or not fatigued. If
the player is fatigued they will move to component
five of the model which is involves fithess coaches
redesigning or modifying the players training
program and workload load for the following
training sessions until it has been determined the
player(s) are no longer suffering from fatigue. sThi
ensures that the player will not heighten the gk
injuring themselves while suffering from fatigue
experienced during the game. It will also ensues th

Player not fatigued——{ schedule

are fit to play the following week and resume their
normal training program.

Figure 1 - Fitness and Strength Conditioning Model

The first component of the model involves coaching !f it has been determined that the player(s) ate no
staff setting benchmarks in GPS software for player fatigued, then component six of the model is applie
based on results from pre-season training and fof"d they will continue with their normal training
players who have been at the club for more than on&chedule to prepare for the following week's match.
season, the previous years games and traininq_ _ . _

sessions; for example; how far a player can run!actical and Strategic Analysis ,

before experiencing fatigue, bands of running speed N€ tactical and strategic analysis model was
and efforts made during a contests and heart raté€veloped based on the knowledge that after the

Individual benchmarks are set for each player base@@Me is complete the GPS data is synchronised with
on ability, age and their position/role on the diel e match video and an after match review is
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performed. Players training programs may then becomponent four. Once this process is complete the
modified and tactical practices changed dependingnodel begins again from process one with the
on the results of the match review. Also during theinclusion of the new tactics.

game coaching staff monitor a player’s time on the

field, their structure and movement and makeThe second fork in the model takes place real-time
rotations when certain benchmarks are not met oduring the game (component six). Player’s time on
have been exceeded or a player is experiencinghe field, structure and movement is observed to

fatigue. This can be seen in Figure 2. check they haven't been on the field too long
ensuring they are constantly playing an effectole r
Tactical and Sirateaic Anlysis on the field and within the team. Structure is
Capture o ¢ — monitored to confirm that zones that are run or
e specific tactical procedures run/used by playees ar
Aﬂerp.ai'msneu being executed with full precision and each plager
FT— P Pty dveort || the structure is at their required location for the
s stucturs and movement experincing faigus execution of the play. Movement is also monitored
to ensure when a play such as a zone is being run
. coaching staff can watch the exact execution of the
Pertorm afer match review (—a /TS R0 ARG |y Change e practoes 1) play and the flow of movement between players and
Figure 2 - Tactical and Strategic Analysis Model their team mate or how individual players are

moving on the field.

The first component of the model involves capturing

the team's performance through GPS technology”he seventh and final component of the model is the
and video. Once this step is complete the modefotation of player(s) due to their inability to neset
forks into two different paths one which takes plac Penchmarks by the coaching staff or the onset of
after match play has been completed (component 2fatigue. If this occurs the player(s) is eitheratet]
and real-time during the game (component 6) to another position on the field depending on their
After match play has finished video that was position/role within the team or will be sent taeth
captured from the game is synchronise with playersPench and replaced by another play from their team.
GPS data making it easier for coaching staff to beOne this phase of the model is complete the process
able to see what led to specific data producechky t begins again at stage one.

player in any situation. Overall it allows coaching

staff to watch both the video and GPS data side byp- RESTRICTIONS

side or through an overlay view. This makes up The ability to implement both the fitness and
component two of the model. strength conditioning and tactical and strategic

analysis models would be a lot simpler for coaching

The third component of the model involves staff if they were not confined to the ten unit
performing an after match review which involves the restriction on game day. This restriction only a#o
coaching staff firstly reviewing the video and GPS ten units to be worn during a game by players on
data as discussed previously by themselves and thefach team. If 22 units could be worn by players on
taking ‘snippets’ of the video to show individual o 9ame day, it would allow the models displayed in
groups of players in firstly their own individual Figures 1 and 2 to be further developed, leading to
p|aye|’ reviews and then their p|ay|ng group reviewsmore informed decision making on behalf of the
ie. The ruckmen, forwards, backline or midfielders. coaching staff.

Determining the results of the training program This theory is supported by Gill (2009, para.9)
designed by coaching and fitness staff makes up thétating that “with the [GPS] technology, in theory
fourth component of the model. This examines howyou can have 22 players with a GPS [device] on and
players performed during the game and if the ctrrenYou can actually see all of them on a computer
training plan is meeting the requirements theScreen”. This allows coaching staff to see the

coaching staff have set for players and theirstructure and movement of any one player at
performance. anytime (when the club is permitted to wear 22

units).
If tactical practices are required to change thies o ) )
place as part of component five in the model afterCurrent restrictions are hampering exactly how this
the results of the training program as discussed irinformation can be used and the quality and quantit



of information coaching staff receive with a linoit

ten players on the field being able to wear thesuni

in the AFL.

7. CONCLUSIONS

This research provides two models (fitness and
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Garrett W & Kirkendall D 2000, Exercise and Sport
Science, 1st edn, Lippincott Williams and Wilkins,
Philadelphia.

Gill K 2009, Crows Investing in Technology, Adelaide
viewed 2 May 2009,
<http://www.afl.com.au/news/newsarticle/tabid/441er/
wsid/75570/default.aspx>.

strength  conditioning model and tactical and gleeson M 2009, AFL researches changes, Melbourne,
strategic analysis model from a framework to viewed 15 February 2009,

practically apply GPS to both training and games fo

AFL clubs.

<www.realfooty.com.au/news/news/afl-researches-
changes/2009/02/12/1234028205772.html >.
Le Grand C 2007, 'AFL's hi-tech future within reach’

Data gathered using GPS devices influences the Australian, 7 April 2007, p. 43.

fithess and strength of players through the abibty

coaching staff to determine the maximum physical

effort a player can output during a training sessio

Le Grand C 2008, Malthouse sets pace of change, The
Australia, viewed 13 October 2008,
<http://www.theaustralian.news.com.au/story/0,25297
3431882-2722,00.html>

game before coming fatigued. It also allows the | eximancer 2009, Leximancer, Leximancer, Brisbane,
opportunity for players to be rested when theseviewed 1 April 2009,

benchmarks are met allowing coaching staff to <https://www.leximancer.com/products/>.

constantly keep ‘fresh’ players on the field. THeSs

results from the game allow coaching staff to mpdif
which Applied Physiology, vol. 106, no. 3, pp. 857-864.

training sessions for fatigued players,

provides extra recovery time and prevents over-
training for players who have had a heavy running

game.

Tactical and strategic analysis is significantlgeal
by the use of GPS. It gives coaching staff theitgbil

Marcora S, Staiano W & Manning V 2009, 'Mentaldag
impairs physical performance in humans', Journal of

National Strength and Conditioning Organisation 2008
Essentials of strength training and conditioning, &n,
Human Kinetics, Champaign.

Pavlich M 2008, Five days on the training trackhwitav,
Perth, viewed 31 March 2009,
<http://www.fremantlefc.com.au/tabid/7009/defaidpa
x?newsid=70533&print=true>.

to see exactly where any one player is at any on&uayle E 2007, 'Satellites to keep track of players
time live during the game, as well as being able to Sunday Age, 27 May 2007, p. 5.

see the formation of tactical plays such as thienpl

zone to determine how it is being executed and mak(%‘

any changes if needed.
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Abstract

The wish of many sports scientists and trainers is accessing performance diagnoses data of athletes during
training or competition. This data concerns the external conditions (e.g. speed and distance) as well as
the internal (physical) strain of the players. For collecting this performance data, we have developed an
analysis system, consisting of a high resolution video-system together with a wireless sensor network.

In order to record the physiological data (heart rate) of the athlete, a custom-built sensor module has been
developed and integrated into a sports shirt. The integrated sensors collect the physiological data. Following
the data collection some signal processing is optionally performed and the data is transmitted via a wireless
communication technology to a central computer.

We use an adopted Suunto Oy Foot Pod to measure online the current speed of an athlete and compute its
overall distance through integration.

In physical and tactical analysis of indoor sport games path information of the players is of great importance.
In order to acquire players’ path information, a training session or game is captured by a video-system
consisting of two cameras which are mounted in the ceiling of a sports hall. The video data is post-processed
in order to identify positions of the players and to track all players on the field.

The recorded data of the mobile devices can be processed and visualised online. For example during the
sports event, the heart rate can be monitored and the trainer can decide on substituting a player based on his
heart rate profile. Another application of our system is the substantial evaluation of the covered distance of
basketball players per quarter. The results of this study will be presented in this paper.

Key words: Performance analysis, video tracking, wireless sensor network

1. INTRODUCTION ters such as the overall covered distance per ath-
lete. Individual performance analysis of players
and team strategy investigations require informa-
tion about the athletes’ positions during the games.
Hence, many European soccer clubs have equipped
their sport grounds with multi camera-systems for
player tracking. The advantage of video-based
tracking systems is that they are entirely passive;
the athlete does not have to wear any kind of sen-
sor or marker.

The most popular tracking system is Amisco Pro
distributed by MasterCoach Int. GmbH (AMISCO,
2010). The game is captured with up to eight cam-

For individual sports, mainly endurance disci-
plines, products are already available for data
recording and analysis in various forms. However,
a gap exists in the area of performance diagnoses
in different types of sports, especially team sports,
in which complex movement patterns are common
and where contacts between sportsmen occur.

Video-based analysis is a common tool for
analysing sport games in technical and tactical as-
pects. In recent years, video analysis also became
an instrument for measuring performance parame-
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eras for a rough online and detailed offline analysis.
One or two days after a game, the coach receives
a complete analysis including performance data of
the players. The disadvantage of Amisco Pro is that
it is based on infrared cameras. Thus, the track-
ing results need to be visualised in a virtual envi-
ronment. Moreover, many cameras including their
synchronisation effort makes the system unafford-
able for clubs with less financial resources.

In this paper we describe the Sports Performance
Analyzer (SPA). SPA aims on providing a new plat-
form for analysing team sports. With only two
ceiling-mounted cameras it is ideally suited for in-
door sport activities such as handball, volleyball,
basketball, and (ice-) hockey which are the most
popular sports in Germany besides soccer (DOSB,
2009).

One part of SPA is a video tracking system that reli-
ably computes the positions of the players during a
game. Based on this data we can calculate external
information, e.g. overall covered distance, speed,
and acceleration of single players. This informa-
tion is used for further higher level analysis such as
team strategy as well as performance and fitness of
the players which can help the coaches to improve
their training methods.

In addition to the external information, SPA also
considers the internal (physical) strain of the play-
ers indicated for example by their heart rate (HR).
For monitoring the HR we cannot avoid equipping
the sportsmen with a sensor module. We have de-
veloped a custom-built sensor module which is in-
tegrated into a sports shirt in order to minimise the
impact on the player. Instead of transmitting the
processed features (e.g. HR) to a watch and store
the data on this device, we transmit the data wire-
lessly to a central computer. One additional at-
tribute of SPA is the online measurement of speed
and distance: We adopt the commercially available
Foot Pod sensors' to measure the current speed of
an athlete which lets us compute his overall cov-
ered distance through integration. All recorded
data of the mobile devices is processed and visu-
alised online (in real time).

As shown in figure 1, the SPA system has three
main modules: data acquisition (video-system
(2.1.2) and wireless sensor network (2.1.1)), track-
ing (2.1.3) and analysis/visualisation. The acqui-

'Suunto or Garmin Foot Pod based on an acceleration sen-
sor of Dynastream Innovations.

sition module is responsible for recording video
streams from two cameras and the data of the wire-
less sensor nodes. The recording of video and wire-
less sensor data streams is synchronised to make
further analysis of the data easier. Because the
amount of wireless sensor data is small compared
to the video data, it can be processed and visualised
online. For example during a sports event, the heart
rate can be monitored and the coach can decide to
substitute a player based on his heart rate profile.

Video-System Wireless Sensor Network

Physiological Data
I
Biosignal-Processing

| Position Data ':H Annotated Video m:' Graphical & Textual Visualisationl

(" OFFLINE ) [ wrep ] i WiRELESS i ( onLNE )

peed & Distance

| Video Raw Data | Sensor Node

S92 92

| Tracking | | Video-Processing |

Game Analysis

Figure 1: System structure of the Sports Performance Ana-
lyzer (SPA).

The video tracking module works offline to extract
position data of the players. It utilises the two video
streams to produce the positions of the players in
real world coordinates (meters) which can be post-
processed to gain further information. The anal-
ysis/visualisation module processes three inputs:
video, wireless sensor, and position data. It pro-
duces different visualisations such as graphs and
(interactive) videos with annotated information.

In section 2.2 we present a method for the iden-
tification of breaks during a basketball game: For
five given player trajectories, we introduce differ-
ent methods for velocity computation to define a
game’s state, consisting of position and velocity in-
formation for every time step. We use this data to
train a Gaussian mixture model that can be used
to classify the states of an unclassified basketball
game as either game or break.

One application of our system is the substantial
evaluation of the covered distance of basketball
players per quarter. We have recorded and anal-
ysed 14 German major league basketball games of
the team Paderborn Baskets with regard to the cov-
ered distance of every player of the team. Schmidt
(2003) presents in a previous study a value of
approximately 23km for the covered distance per
team and game. Because this analysis was done
manually, the statistical data base is only one game.
The results of our study will be presented in 3.3.
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2. METHODS

2.1. MONITORING AND ANALYSIS SYSTEM

A schematical representation of our system is
shown in figure 2. The system consists of two data
acquisition modules, namely the video-system and
the wireless sensor network. Both modules are in-
tegrated in one software solution (SPA) and they
can work independently or together.

XXT Y

Figure 2: System for capturing match action and recording
physiological data.

2.1.1. WIRELESS SENSOR NETWORK

One group in our sports department conducts re-
search on skin temperature and skin conductance
with the aim to better understand the interaction
between physical and mental stress (Baumeister,
2008). To fulfil their request to acquire more rel-
evant data of the athlete than the heart rate (still the
most important physiological parameter for sport
scientists), we have developed an advanced brest
belt module. Our solution is extremely mobile
(lighter than 50g) and can collect skin temperature
and conductance, heart rate, and additional infor-
mation from an onboard 3-axis acceleration sensor.
The module itself consists of a motherboard with

adio Transmission

. 00000000
Tobias 00010000
Parketny
04.04.08

ot
%
»,
(=4

Acceleration sensor
(up to ¥6G)

Temp & SCL -

rocessin :
P g Processing

Figure 3: Breast belt module with integrated sensors, evalua-
tion and communication unit as well as power supply.

an additional radio transmission module (daughter-
board). For online processing we have equipped

the motherboard with a 16bit low-power RISC mi-
crocontroller, containing 12bit A/D converters and
three operational amplifiers. The microcontroller
is powerful enough for processing algorithms, e.g.
heart rate detection. Together with the communica-
tion stick (daughterboard), the battery lifetime for
the complete module is more than 24 hours in op-
eration (general cell coin - 220mAh).

Technical Data Radio Transmission Module:

Topology: multipoint-to-point (star)
Frequency band: 2.4GHz
Range: 30m
Max. number of sensor nodes: 30
Less than 10% packet loss
Power consumption:
— 35mW in operation (TX mode)
— 21uW in sleep (power down mode)
— 70.5uW average?

For rough online results of the covered distance
(£10%), we adopt the commercially available Foot
Pod products. For a detailed later (offline) analy-
sis, motion capturing (video tracking) methods are
used.

2.1.2. VIDEO-SYSTEM

The afore mentioned indoor team sports are played
on field sizes up to 40m X 20m. Assuming a mini-
mum hall height of 7m, a field of vision of more
than 150 degrees is required. No commercially
available lens is able to map this range of vision
without distortion. Even using one single fisheye
lens will lead to too much information loss close to
the back lines. To solve this problem, we have in-
stalled two video cameras. They are placed at the
hall ceiling, one over the middle of each half of the
field, recording the game from a bird’s eye view.
A fisheye lens is used in order to capture the re-
quired view. The selected megapixel cameras are
equipped with a Bayer CCD sensor and a Gigabit-
Ethernet interface. Each camera is capable of deliv-
ering up to 30 frames per second (fps) which causes
a data rate of more than 30MB/s. With an up-
to-date desktop processor a live preview can only
be done with a reduced resolution and/or reduced
frame rate. For a preview in high definition with
full frame rate a hardware support by graphic ac-
celerators or FPGAs is necessary.

2Provided that each packet requires 300us to be transmitted
(32Bytes@1 Mbit/s) and the packet rate is SHz.
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Raw Data of the
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Reconstruction of
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Undistorsion of
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Figure 4: Image pre-processing steps.

As input data for the image pre-processing serve
the full raw images of the camera. First, a re-
gion of interest (ROI) is selected and a colour re-
construction (DeMosaicing) is done for this part
of the image. Then geometrical transformations
are executed for producing undistorted images (De-
Fishing by Look-Up-Table, Warping by Matrix-
Multiplication). Finally, a white balancing is per-
formed, the two images are merged together for an
online preview, and the video can be saved in a file
(avi-container with MPEG4 codec). For later (of-
fline) tracking the raw data is saved with a lossless
compression algorithm (lagarith codec).

2.1.3. VIDEO TRACKING

The tracking algorithm used in our system is Tem-
plate Matching (Lewis, 1995). This method is used
to find the parts of an image which match with a
reference image (template). A template of the up-
per part of the body (head and shoulders) is used to
search for the player in the next frame. The player’s
shape changes slightly between two consecutive
frames so the template is adapted. The template
image is compared to all parts of the searched im-
age and a measure of similarity is computed in each
comparison step. The position with the highest
value of similarity is the possible position of the

template in the searched image.

A strategy based on partitioning of the search space
is used to handle the tracking of multiple players.
The tracking is done under human supervision to
correct the errors that cannot be handled automati-
cally. A detailed description of our tracking algo-
rithm can be found in Monier (2009). The tracking
itself is performed on the distorted raw images be-
cause no benefit can be achieved by pre-processing
the images. As mentioned above, the images are
recorded using a fisheye lens. For the purposes of
creating distortion-free images and converting the
tracked image-positions to real-world positions, a
number of transformations have to be applied. The
series of steps is presented in figure 5, steps 1-4:
The first step is the
undistortion of the points @ 1 @

in the fisheye image
(DeFishing). Because

.. . Defishing
of small variations in
the camera position and )
viewing-angle, a software
calibration (Warping) has Warping

to follow. The corrected
world coordinates are

mapped from the players E R 9 ([i
head to his foot posi-
tion. The final position
describes the foot position ED Q|+ |0 qi
of the player on the field.
All  further steps of
transformation (5-8) are
needed during tracking E) Ols |D C{
if a player changes be-
tween the two field sides,
because the tracking will

be continued with the ED @l e D (E

other camera. On the ‘
opposite side of the field, —

the transformations have

to be inverted to map the "
real-world coordinates to T

the distorted image. As

a final step, we smooth @ 8. “,
the calculated foot co- i
ordinates in the world

coordinate space using a Fjgyre 5:  Coordinate
moderate zero-phase low  Transformations.

pass filter>.

3Digital FIR-filter, order = 16, w, = 0.1.
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2.2. NET-TIME COMPUTATIONS

In this section we present a method to divide each
quarter of a basketball game into action and break
parts. These results can be used for post-game anal-
ysis, for example to calculate the distances covered
by the players or their average velocities. A similar
application can be found in (Perse, 2009).
Although the parameters in the presented method
are fine tuned for basketball games, this method
could be adapted to other team sport games.

2.2.1. DATA

We have tracking data from a number of basketball
games available. This data consists of the positions
of all active players over each quarter. It is used to
construct a state (position, velocity) of the game for
every timestep t;, i = 1,..., N.

For the position information we use the five player
positions (x;1,¥i1)-..(x;5,y5) of the five active
players in each timestep #; and calculate the aver-
age position of the players via

X _ 1 > Xi, p)

b=sxf) o
We propose a total of five different methods to com-
pute the velocity data. Two of these methods gener-
ate a scalar value whereas the other three methods
yield a two dimensional vector as a result. We will
compare these methods in section 3.2. For all meth-
ods we need a time interval of #;; = t; —#;_; to scale
velocities to m/s. In our case the length of all time

intervals is constant and equal to the frame rate of
about 1/30th of a second, thus #;; = t; = const.

I. The first method is to calculate the vector from

one average trajectory point (as introduced in
(1)) to the next:

5
S
Vi= — - .
L5 1; ((yi,p Yi-1,p

II. For the second method, we simply compute the
norm of velocity L.

5
1 X; Xi—
=55l -)
Sty — Yi,p Yi-1,p
p=1 2
thus reducing the dimension of the velocity in-
formation to one.

III. The third method is a variation of II.:

5

1
V,'=5—tsz
p=

- [1\WVip Yi-1p/||5

This value will always be greater or equal than
method II. It represents the varying velocities
of the players better, because the velocities of
two players moving in opposite directions do
not cancel each other out.

The last two methods represent the velocity infor-
mation in polar coordinates. Both utilise the angle
¢ between the x-axis and the velocity vector (see
L.), which is defined* as

5

5
gD:ataHZ[Z x,p xllp Zyzp yzlp]

p=1 p=1

IV. The fourth method is a combination of the an-
gle ¢ and method I1.:

1 > !
Vil _ z: Xip|  [Xi-Lp
(w,z) [Sz‘s — ((yi,p) (yi—l,p)) "’DJ .
p=1 2

V. Finally, the fifth version is a combination of ¢
5

and method II1.:
T
via) _| 1 Xip\ Xi—l,p)
(Vi,2) [Sts; (yi,p) (yi—l,p 2"’0

For each timestep we get a three or four component
vector X; that characterises the current state of the
game:

X; = (xi,yi,v) €ER? o X; = (x;,yi,vi1,via) € RY.

Additionally to the data described above, we di-
vided 23 quarters manually into action and break
sections. This knowledge can be used to train an
appropriate model for the labelling of new quarters.

2.2.2. GAUSSIAN MIXTURE MODEL

We use two Gaussian mixture models (see (Ras-
mussen, 2006)), one to characterise the action
states and one for the break states. These models
are trained using the data from section 2.2.1 and

“atan2 is a variation of the inverse tangent function and
places angles correctly in all four quadrants.
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used for the classification of unclassified data. In
a Gaussian mixture model a sum over k£ Gaussian
distributions is used to approximate the state of a
system

P(Xilm)) = ) a;P(Xilu;, X)),
=

k
and Za/j =1,
j=1

with m; € {action, break}. We separate our data
into two sets: those states when the game’s time
was running, and those states when the clock was
stopped. With these sets, two Gaussian mixture
models are trained using the EM-Algorithm (see
section 3.2 for details). The training returns two
sets of parameters, (ai.”), ,uS.”),E;“)), j=1,....k
for the points belonging to the action set and
(aéb),yi.b),ZE.b)), j=1,...,k, for the points belong-
ing to the break set.

Our goal is to divide a new quarter into two sets
action and break. This can now be done by classi-
fying each state using the models explained above.
We use Bayes’s rule to compute the probability of a
given state X; of the game to belong to either action
or break:

P(X; P
P(my|X;) = PiXdm) Plem) J:g;)(ml)

Because the length of one quarter is fixed to
10 minutes, P(action) equals 600s divided by
the total length of the quarter in seconds, and
P(break) = 1 — P(action). We say, a state belongs
to the action phase, if P(action|X;) > P(break|X;)
and it belongs to the break phase, if P(action|X;) <
P(break|X;). Thus it is not neccessary to know
P(X;) in equation (2) to classify a state.

Results of this method will be presented in 3.2.

(2)

3. RESULTS

In this section we are going to present evaluation
results of the different modules of our SPA system.
Our developed heart rate sensor node is capable of
transmitting every single heart beat so that a beat-
to-beat analysis becomes possible. Moreover, all
wireless sensor data can be visualised online in
our SPA software. Unfortunately, the use of these
breast belt modules is not allowed in official bas-
ketball games, so that we do not have any physio-
logical data to augment our tracking data.

3.1. VIDEO TRACKING RESULTS

Regarding the video-system, the processing rate
without correction (f,,) for tracking five players
(NoP) is 10fps. The average number of corrections
(cR) is 0.004 corrections per frame and player.
The average correction time (cT") for one error is
3.3 seconds. Finally, the frame rate for tracking
including correction (f.,) is 6fps (Monier, 2009).

1
1/ fauto + cT - cR - NoP

Compared to the source frame rate of the video
(30fps), the processing time is five times longer
than the gross playing time. Considering the ac-
curacy of the tracking system, we ran several test
cycles which resulted in an accuracy of above 94%
(Paier, 2009).

One main application of our system is the evalu-
ation of the covered distance to generate an indi-
vidual profile for each player in basketball games.
The primary output of the video tracking is the fil-
tered position data which is used to calculate the
covered distance of the players in the game. For
the gross covered distance, we consider all players
of the host team for the complete game including
breaks®. To extract the net covered distance from
the position data, we have tested automated meth-
ods. Before we present our results in section 3.3
we are going to validate the methods introduced in
section 2.2.

fcorr =

3.2. NET-TIME COMPUTATION RESULTS

The numerical computations are carried out us-
ing Matlab and its Statistics Toolbox.  The
gndistribution.fit function, which is part of
this toolbox, estimates the parameters for the two
Gaussian mixture models using the expectation
maximization (EM) algorithm.

To judge the effectiveness of our algorithms, we
compare the automatic labelling using the Gaussian
mixture model with the manual labelling. We com-
pute the number of correctly classified trajectory
points (those points, where automatic and manual
labelling yield the same result) and divide it by the
total number of points. This correctly classified ra-
tio measures the performance of our algorithm.

SExcept for official team timeouts.
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velocity computation method

k I I I v \4
3 0.7888 0.7724 0.8279 0.7725 0.8409
4 0.8076 0.8088 0.8587 0.8092 0.8603

Table 1: Ratio of correctly classified points using the five dif-
ferent velocity computation methods for k = 3 and k = 4.

Several parameters have to be adjusted in order to
maximise the performance of the classification al-
gorithm. The first parameter is the number of Gaus-
sian distributions for the mixture model. We tested
k = 3,4, 5 distributions, whereas for k£ = 5 the EM-
Algorithm did not converge. The second parameter
is the velocity computation method. We carried out
all computations using the five proposed methods.
The results for k = 3,4 and for the five velocity
computation methods are shown in table 1.

Since the best results could be achieved for k = 4
and velocity computation method 5, we use these
values throughout the rest of the computations.

As aresult of the process described in section 2.2.2
we receive a classification of a quarter into action
and break parts, that still contains unrealistically
many switches between the two. To overcome this
problem, we perform a two step post-processing.
First, we filter the resulting data using a zero phase
digital lowpass filter. Secondly, we remove break
sequences, that are less than 5s long. Our analy-
sis of the manually labeled quarters shows us, that
only 3 of 407 or 0.74% of all breaks are less than
5 seconds long. Hense, to cut off below 5s seems
reasonable.

Using the above described post-processing steps,
the correctly classified value improves to an aver-
age of 90.42% correctly classified points.

In table 2 our final testing results are shown. We
computed the sum of the net distances the five play-
ers cover in each quarter using the manual and the
automatically computed action and break division.
On average the automatically computed value dif-
fers from the manually extracted values by 7.75%.

Game Qtr dman [km]  dauee [km]  Dev. [%]
1 1 5.702 5.664 0.67
2 6.112 5471 11.73
3 5.513 5.308 3.86
4 5.388 5.406 0.33
2 1 5.693 5.428 4.87
2 6.205 5.675 9.34
3 5.361 5.098 5.16
4 5.659 5.327 6.24
5 2.992 2.600 15.09
3 1 6.063 5.416 11.93
2 5.900 5.455 8.15
3 5.751 5.496 4.64
4 6.095 6.609 7.78
4 1 6.219 5.533 12.40
5 1 5.556 5.182 7.22
2 5.238 4.991 4.95
3 5.522 4.986 10.76
4 5.291 4.988 6.09
6 1 6.367 5.425 17.36
7 1 5.910 5.435 8.73
2 5.400 5.299 1.90
3 5.995 5.344 12.18
4 6.290 5.889 6.80
avg. 5.662 5.306 7.75

Table 2: Comparison of the covered net distances of the bas-
ketball players. We have manually divided a total of 23 quar-
ters of 7 games into action and break parts. We used this data
to calculate the cumulative net distances d,,,, covered by the
five players in each quarter (see column three). In column four
we present the net distances d,,,, that were calculated using
the algorithms presented in section 2.2. In column five the de-
viation of d,,, from d,,,, is shown. The last row shows the
average of all distances and deviations.

3.3. COVERED DISTANCES

We have analysed a total of 56 quarters from 14
randomly chosen games over two and a half years.
Table 3 and figure 6 present the results in textual
and graphical form respectively.

Q1 Q2 Q3 Q4 SUM
GROSS 69963 73866 72430 7901.0  29524.0
NET 5867.0 55450 S648.6 5580.6 226412

Table 3: Mean gross and net covered distance of a basketball
team per quarter.

We can confirm the results of Schmidt (2003), who
calculated 23185.6m in average for one team per
game.
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Figure 6: Mean gross and net covered distance of a basketball
team per quarter and the standard deviation.

4. DISCUSSION

An application of the tracking system is the sub-
stantial evaluation of the covered distance of bas-
ketball players per quarter. Additional information,
e.g. the covered distance of the players classified
by their positions and into different speed ranges
can be computed with little effort. Moreover, con-
sidering the players’ positions, a position specific
performance profile can be generated.

As an enhancement of the sensor network we ap-
ply receiver diversity technology for better energy-
efficiency and communication reliability, respec-
tively. Our system also provides large flexibility for
further design improvements, e.g. the implementa-
tion of the 3-axis acceleration sensor presented in
Christ (2010).

A small drift of the template out of the tracked part
presents a problem in the video tracking system. To
overcome this problem and to reduce the number
of corrections we are going to enhance the track-
ing algorithm by making use of colour information
in future versions. As an alternative to the existing
tracking method, we actually test different tracking
algorithms (e.g. Particle Filter tracking).

The net-time computation algorithm presented in
2.2 already works quite reliable, but its accuracy
could be further improved by training the model
with more data. Instead of using manually gener-
ated data, we are going to use statistical play-by-
play data, provided by the Beko BBL.

5. CONCLUSIONS

In this paper we have presented our Sports Per-
formace Analyzer (SPA) system. SPA consists of

a video tracking system for indoor sport activities
and a sensor network that measures physiological
parameters of the players. It makes it possible to
visualise the actual performance of the players dur-
ing training or competition. This knowledge can be
used by sport experts to optimise training patterns
and game strategies.
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Abstract

Analysing a football match is without doubt an important task for coaches, clubs and players; and with
current technologies more and more match data is collected. For instance, many companies offer the ability
to track the position of each player and the ball with high accuracy and high resolution. Analysing this
position data can be very useful. Nowadays, some companies offer products that include simple analyses,
such as statistics and basic queries. It is, however, a non-trivial task to perform a more advanced analysis.
In our research, we assume that we are given only the position data of all players and the ball with high
accuracy and high resolution. In this paper we present two tools.

Our first tool automatically extract (from the position data) a list of certain events that happened during the
football match. These events include kick-offs, corner kicks, passes etc. In experiments we could observe
that our method is very fast and reaches a high level of correctness. We also learned that errors in the event
detection are hard to avoid completely, when looking at only the position data.

Our second tool aims at analysing a single player’s trajectory (the sequence of all positions during a game).
More precisely, we look for movements of a player that are repeated often (so called subtrajectory clusters).
For example a left wing attacker runs from the centre-line along the left side of the field towards the op-
ponent’s goal. And this attacker might repeat this type of movement very often during a game (or perhaps
multiple games). Our goal is to detect this kind of frequent movements automatically. Experiments showed
that this method is computationally expensive. Nevertheless, it reliably identifies subtrajectory clusters,
which then could be used for further analysis.

Key words: team sport, position data, trajectory analysis, event detection, clustering

1. INTRODUCTION In our project we focus on applications in team

sports and in particular on football. We look at

Recent years have witnessed massive improve-
ments in tracking technologies that allow for
recording the positions of moving entities with high
spatial and temporal resolution and also with high
accuracy. As a consequence such systems are used
more and more often in many domains, including
sports, urban planning and development, defence,
location based services and animal research. In the
world of football (also known as soccer), there are
already many companies that provide the capabil-
ities to track the movement of all football players
during a match, and they also provide tools to anal-
yse this data to a certain degree.

these applications mainly from a computer science
point of view. Assuming we are given the tra-
jectories, i.e. the data describing the movement,
of all players and the ball, we aim at a more so-
phisticated analysis that takes the interaction and
relationships of different trajectories into account,
recognises formations and perhaps even more gen-
eral patterns and trends. Over the past few years
we have developed several algorithms and tools for
analysing trajectories. Two of them are presented
in this paper.

Our first tool, introduced in Section 3, is algorith-
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mically rather simple. Nonetheless, we consider it
as an important tool that is necessary for a more
advanced automated analysis. From the trajecto-
ries of all players and the ball, it automatically ex-
tract a list of basic events that happened during the
football match; detected events include kick-offs,
corner kicks, passes etc. Experimental results show
that our method is very fast and reaches a high level
of correctness for many types of events. However,
some types of events seem to be hard to detect au-
tomatically when looking only at the position data.

Our second tool, presented in Section 4, aims at
analysing a single player’s trajectory. However, it
can be easily extended to take multiple trajectories
as input. In the input trajectory we look for subtra-
jectory clusters, which are movements of a player
that are repeated often. This topic is motivated
by questions such as “How is the ball transported
from the defense region to the attack region?” We
present a prototype where a user can specify cer-
tain parameters of the cluster, and then the proto-
type will reliably detect the clusters according to
the chosen parameters. The current version of the
prototype might not be suited as an interactive tool,
because the time to answer a query can be rather
long.

We believe our algorithms and implementations be-
long to the still immature research area that aims at
automated football analysis. Despite the young age
of this area, it becomes more and more popular and
important as can be seen by the increasing amount
of related work. For example, Kang, Hwang and
Li (2006) propose a method to quantitatively eval-
uate the performance of football players. Their ap-
proach is based on four different measures that in-
clude different regions for each player and the kicks
the players perform. Another approach that is also
based on regions is presented by Fujimura and Sug-
ihara (2005). Their regions are based on the gen-
eralised Voronoi diagrams. Grunz, Memmert and
Perl (2009) address the analysis of actions in a foot-
ball match. Their actions are coarser than our basic
events, and the used techniques for the detection
are very different.

2. PRELIMINARIES

The position of a moving object can be described
by the spatial coordinates x, y and possibly also z
at a certain time #. Together, these values form the

sample (t, x,y,7). A sequence of such samples, or-
dered with respect to time, is called a trajectory. A
trajectory describes the movement of an object.

The data that we used in our experiments is data
from a real football match. It was anonymised and
kindly provided to us by ProZone. It includes the
trajectories of all the players. These trajectories
have a spatial resolution of a decimeter and a tem-
poral resolution of at least ten samples per second.
However, we do not know the accuracy of the data.
For the analysis we aim to do we also need the tra-
jectory of the ball. Unfortunately, it is not included.
It does, however, include a list of annotations of
the match, which is a list of events such as “touch”
and “pass” — very similar to the events we want
to detect. These annotations were created manu-
ally by people watching the match (and/or a video
thereof). From these annotations, we re-construct
the ball’s trajectory by using the time and spatial
coordinates of each event to create samples of the
ball’s trajectory. The resolution of the annotations
are only one meter and one second, so the obtained
ball trajectory is only a rough estimate of the ball’s
movement. We believe that the results in Section 3
can be improved considerably if the ball trajectory
would be given with higher accuracy.

Both our algorithms and prototypes have been im-
plemented in Java. Our experiments were per-
formed on an off-the-shelf PC with an Intel dual
core processor running at 2.33 GHz and 2GB of
main memory.

3. BASIC EVENT DETECTION

3.1. METHODS

For computing basic events of a football match, we
need both the ball’s and the players’ trajectories.
Here, we briefly describe how our algorithm for de-
tecting events works.

Our event detection works on different levels of
events. The bottom level is the physical event level.
These are events that can be detected without any
knowledge of the football rules (we do, however,
require knowledge of the dimensions and lines on
the football pitch). Bottom level events are for
instance “ball-out”, “ball-in” and “touch” events.
The first two occur when the ball moves out of (or:
back into) the pitch. “Ball-in” events can be refined

LR N3

into “throw-in”, “corner kick” etc., depending on
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Figure 1: Screenshot of the programme to animate a match.
The detected events are displayed in the area below the pitch.

where the “ball-in” event takes place. A “touch”
event is detected when the ball changes its speed
and/or direction. For these events we only need the
ball’s trajectory.

Now, if we also take the player’s trajectories into
account, we can refine the events. For instance,
the player that is closest to the ball when a “touch”
event happens is assumed to have touched the ball
(although there are exceptions). Or the player that
is closest to the ball, when a “throw-in” happens
is assumed to have performed the throw-in. As a
result we obtained a list of more advanced events.

These more advanced events can be refined in
a second round. For instance, two consecutive
“touch” events that were performed by different
players from the same team, constitute a “pass”
event. In a similar way we can detect “possession”,

LR T

“pass interception”, “shot on goal”, etc.

In yet another refinement round, we arrive at the
highest event level, which includes events such as
“free-kick”, “substitution”, “offside”, “foul”, “red-
card”, etc.

3.2. EXPERIMENTAL RESULTS

Figure 1 shows the main screen of the event-
detecting prototype. It includes a football pitch,
where the match can be viewed as an animation.
The area below this pitch is the area where the
events are displayed synchronously linked to the
animation. An example snippet of the list of events
is shown in Figure 2.
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34:51 |Intercept 1( 37.6, -23.9, 0.0)| Player04 | Player08
34:51 |Touch 1( 38.9, -24.6, 0.0)| Player08

34:53 |Ball Out 1( 9.0, -26.0, 0.0)|

35:13 |Corner Cross 1( 57.2, -29.1, 0.0)| Player23

35:13 |Touch |( 57.2, -29.1, 0.0)| Player23

35:13 |Shot |( 7.2, -29.1, 0.0)| Player23

35:15 |Touch |( 54.3, -5.3, 0.0)| Player09

35:15 |Goalkeeper Catch |( 54.3, -5.3, 0.0)| Player09

35:15 |Pass |( 54.3, -5.3, 0.0)| Player09 | 14.1 m/s
35:16 |Receive 1( 36.3, -2.0, 0.0)| Playeri?

Figure 2: An extract of the list of detected events, showing for
each event: time, type, coordinates and involved players etc.

Event type falsePositive  falseNegative  F-score
touch 7 3 0.979
pass 2 2 0.955
intercept 1 1 0.960
ball-out 1 4 0.935
throw in 0 2 0.963
corner kick 0 1 0.968
goal kick 1 2 0.909
kick off 0 1 0.960
shot 1 3 0.875
goalkeeper catch 0 2 0.941
goal 0 1 0.960
foul 3 6 0.823
offside 5 3 0.556
free kick 0 3 0.953

Table 1: Summary of some statistical results for some of the
detected events. The higher the F'-score the better.

Computing all the events for an entire match takes
only a couple of seconds. Hence the running time
does not seem to be an obstacle in practice, and
therefore we focus more on the study of the cor-
rectness of the detected events.

As mentioned above, together with the data that
we used for our experiments, we were given a list
of annotations. To estimate the correctness of our
event detection, we compare our list of events to
these annotations, where we consider the annota-
tions as 100% correct (even though they might not
be).

The measure that we use to report the level of cor-
rectness is the Fi-score, given as:

2 - truePositive

2 - truePositive + falseNegative + falsePositive

The values of truePositive, falseNegative and
falsePositive were simply counted when comparing
the list of detected events with the annotations.

Table 1 shows the values of falsePositive,
falseNegative and the resulting Fi-score for some
of the detected events. Note that some events are
omitted from this table as they did not occur in the
match, such as “penalty kick™ or “red card”. Also,
some events are not considered because they are
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not possible to detect without additional informa-
tion, for example “yellow card” events.

From the numbers in Table 1, we can conclude that
automated basic event detection is possible. Some
events, especially the bottom level events can be
detected with very high accuracy. Higher level
events such as “foul” and “offside” are not reliably
detected.

There are several factors that impact the correctness
of our results. We could observe that the annota-
tions themselves contain errors, which is also true
for some trajectories. But more importantly, the
ball’s trajectory had to be re-constructed from the
annotations. This might have huge positive and/or
negative effects on the detection of certain events.
All in all, with the current data it is very hard, per-
haps even impossible, to estimate the accuracy of
our event detection methods. As a consequence, we
did not put more efforts into fine tuning our meth-
ods, as this would possibly increase the accuracy,
but only for the given data with the lack of a real
ball’s trajectory.

4. SUBTRAJECTORY CLUSTERING

4.1. METHODS

The techniques proposed by Buchin, Buchin, Gud-
mundsson, Loffler and Luo (2008) are the basis of
our tools. In the following, we briefly review those
techniques and then, in Section 4.2, we will con-
sider the experimental results.

The similarity between two trajectories can be de-
fined in different ways, for example using the
Longest Common Subsequence model (Vlachos,
Gunopulos and Kollios, 2002), a combination of
parallel distance, perpendicular distance and an-
gle distance (Lee, Han and Whang, 2007) and the
average Euclidean distances between paths (Nanni
and Pedreschi, 2006). We will use the Fréchet dis-
tance, which is a distance measure for continuous
shapes such as curves and surfaces, and is defined
using reparameterisations of the shapes. Because
it takes the continuity of the shapes into account it
is generally regarded as being a more appropriate
distance measure than the Hausdorff distance for
curves (Alt, Knauer and Wenk, 2004).

The Fréchet distance can be intuitively explained
in the following way: Imagine a person walks their

Figure 3: Illustrating the leash length between a person and
their dog walking along their trajectories.

Figure 4: A subtrajectory cluster (indicated fat) of a trajectory.

dog on a leash (see Figure 3). The person will fol-
low a certain trajectory or path T, while the dog
follows a different path 7;. The Fréchet distance
between T, and Ty is the smallest length of a leash
that allows the person and the dog to walk on their
paths, where the person and the dog can change
their speed or even pause, but they are not allowed
to backtrack.

The Fréchet distance comes in two flavours: con-
tinuous and discrete. Intuitively, in the continu-
ous version, the person and their dog walk on their
paths in a continuous movement, while in the dis-
crete version, they “jump” from one vertex to the
next vertex of the path. Note that the continuous
version can be approximated by the discrete ver-
sion when using paths with many vertices, i.e. hav-
ing data with high resolution. We chose the discrete
Fréchet distance, because the corresponding algo-
rithms are easier to implement (Buchin, Buchin,
Gudmundsson, Loffler and Luo, 2008).

During a match, a player might move along certain
paths multiple times. Hence, when given the tra-
jectory T of that player, certain subtrajectories of T
might form a subtrajectory cluster (see Figure 4).
We follow Buchin, Buchin, Gudmundsson, Lofler
and Luo (2008) who define a subtrajectory cluster
depending on three parameters: m, £ and d. We
say that a subtrajectory cluster consists of m non-
overlapping subtrajectories T, ..., T, of T. At least
one subtrajectory has length ¢, and the distance be-
tween the subtrajectories is at most d.

Computing subtrajectory clusters exactly turns out



to be a hard problem (Buchin, Buchin, Gudmunds-
son, Loffler and Luo, 2008). Deciding whether a
trajectory 7' contains a subtrajectory cluster with
specified parameters m, ¢ and d is NP-hard. The
problem to maximise the number of subtrajecto-
ries or to maximise the length of the subtrajecto-
ries (while the other parameters are fixed), is also
NP-hard, even when computing an approximation
where m or ¢ are approximated within certain fac-
tors and d is approximated within < 2. (Intuitively,
for an NP-hard problem, there is no known effi-
cient algorithm to solve it.) That is why we look at
approximation algorithms where d is approximated
within a factor of > 2.

The main result by Buchin, Buchin, Gudmundsson,
Loffler and Luo (2008) that we will be using is the
following: Given a trajectory 7', there is an algo-
rithm to compute, under the discrete Fréchet dis-
tance, a subtrajectory cluster of maximum length,
where the distance d is approximated by a factor of
2 (i.e. we allow the subtrajectories to have a dis-
tance twice as large as specified by the parameter
d). This algorithm runs in O(n* + nmt) time and
uses O(nf) space, where n denotes the number of
vertices of T, ¢ denotes the maximum number of
vertices of a subtrajectory in the subtrajectory clus-
ter, and m denotes the number of subtrajectories in
this cluster.

The implemented prototype can be configured to
only report subtrajectory clusters according to the
following parameters: distance (this is the maxi-
mum allowed Fréchet distance between subtrajec-
tories), minimum cluster size, duration and length
(these are thresholds to avoid reporting very small
and meaningless clusters).

4.2. EXPERIMENTAL RESULTS

By running experiments on the subtrajectory clus-
tering, we would like to find out how well the clus-
tering works, i.e. how much useful information is
found and also how fast the clustering works, i.e. do
the run times allow for an interactive tool, where an
analyst specifies the parameters of a cluster and the
tool will “quickly” find the corresponding clusters.

4.2.1. Usefulness

One way to evaluate the usefulness of the clustering
is by examining the results visually, i.e. drawing the
clusters together with the trajectory into an image
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Clustering Trajectories
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Starting the clustering ... Done -found 7 clusters (including duplicates).

Figure 5: Screenshots showing the trajectory and a subtrajec-
tory cluster of a left-wing player moving forward.

] Clustering Trajeciories &
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Cluster trajectory

Starting the clustering ... Done -found 16 clusters (including duplicates),

Figure 6: Screenshots showing the trajectory and a subtrajec-
tory cluster of a right-wing player moving backward.

of a football pitch. In Figures 5-8, we provide ex-
ample screenshots for the ball’s trajectory and the
trajectory of two players. Each screenshot shows
the entire trajectory of one half of the match. Also,
in each screenshot, one cluster is highlighted in red
and yellow. (The yellow subtrajectory is the rep-
resentative subtrajectory for this cluster (Buchin,
Buchin, Gudmundsson, Loffler and Luo, 2008).)
For instance, in Figure 5, the trajectory of a left
wing player (Playerl) and the cluster indicates that
several (at least six) of his attacking runs in the first
half of the game started near the middle of the left
half of the centre line, describing a long arc going
forward and further to the left of the field and then
making a sharp turn back towards the middle of the
field.

From the screenshots we can conclude that the sub-
trajectory clustering reliably finds the clusters ac-
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Figure 7: Screenshots showing the ball’s trajectory and a sub-
trajectory cluster of goal kicks.

cording to the set parameters. Therefore, from a
computer scientist’s point of view, this confirms
that the subtrajectory clustering algorithms work
well. However, longer and bigger (in terms of the
number of subtrajectories) clusters would probably
be of more interest to domain experts.

One way to give clusters more meaning is to con-
sider the trajectories of multiple matches, and then
to look for clusters taking all these trajectories into
account. In doing so, we are likely to find longer
and larger clusters which can be used to iden-
tify interesting emerging patterns. However, we
are also likely to face much longer running times
(see Section 4.2.2). Another way to increase the
meaning of the clustering is to not only look at
purely geometry-based clustering, as is done in this
study. Instead, one could consider a combination of
geometry-based clustering and event-based cluster-
ing.

4.2.2. Running times

From the way the algorithm works and from the
way it has been implemented we would expect
certain parameters to have no, or only marginal,
impact on the running time. These parameters
are the minimum cluster size, duration and length,
which could be confirmed in preliminary experi-
ments. That is why we only report on the running
time behaviour depending on the distance d and the
number n of vertices in the trajectory, see Figure 9
and 10.

Interestingly, the chosen Fréchet distance d has an
impact on the running time (see Figure 9), even

Figure 8: Screenshots showing the ball’s trajectory and a sub-
trajectory cluster of ball movements from top to bottom.
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Figure 9: Chart of the running time and the number of clusters
depending on the chosen Fréchet distance.

though this is not reflected by the results from the
theoretical worst-case analysis (see Section 4.1).
This dependency can be explained by the way the
algorithm works. It iterates over the vertices of the
trajectory and in each iteration it keeps track of all
other vertices that have a distance of at most d. For
larger values of d, this strategy inevitably results
in larger running times, as more and more vertices
need to be considered. A bigger impact on the run-
ning time is caused by the size of the trajectory (see
Figure 10). To achieve different sizes, we simpli-
fied the trajectory to various degrees, by removing
vertices that are less crucial for the overall shape
of the trajectory. The theoretical analysis gives us
a quadratic dependency, which we could also ob-
serve in our experiments.



w7 T 40
0+ T3
1| 130 B
% g
£ 125 =
@ 0+ [=]
£ 1205
=1 115 8
R 14 €
=
g+ |
0 t t t t t t
G B g N &
q@cﬁ}\rﬁ? \éﬁ Gy q‘f’% ;,i\}\c-jél\ Qwﬁb‘ »,f:/;" Q}@K&@

number of vertices in trajectory

| —@— run time —— clusters |

Figure 10: Chart of the running time and the number of clus-
ters depending on the size of the trajectory.

We also see a perhaps suprising dependency of the
number of clusters that are found. Clearly, a small
Fréchet distance makes it harder for clusters to ex-
ist. A large Fréchet distance, on the other hand, can
give rise to long clusters. As clusters may not over-
lap, such long clusters might hence prevent subse-
quent clusters to exist. Furthermore, the fact that,
for small trajectory sizes, many clusters will not be
found, is caused by our choice to use the discrete
Fréchet distance. In our version, all subtrajectories
of a cluster must start and end with vertices that are
close to each other. Because of the simplification,
we cut out vertices making it less likely to identify
clusters for small size of the trajectory.

From the graphs in Figure 9 and 10, we can con-
clude that finding clusters could potentially be done
in an interactive tool for certain parameters and
small input sizes. However, the current implemen-
tation does not seem to be suitable for interactive
use for more interesting settings, e.g. where we
have large input or where we allow a large Fréchet
distance.

One should note, however, that the current imple-
mentation was not optimised for speed. It should
be mainly seen as a prototype for a feasibility study
that reflects at least certain asymptotic running time
behaviour. Also, choosing different or more so-
phisticated algorithms might result in very different
running times, and has the potential to offer drastic
speedups.
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5. CONCLUSIONS

Our presented algorithms and prototypes are first
steps towards completely automated football anal-
ysis. Of course, it is not clear that a completely
automated analysis will ever be reached, but the
more tools we can provide to coaches, the better
their team might perform.

We have seen that basic event detection works well
and efficiently, and that the clustering also works
well, but can be expensive and might have only
limited use for coaches. We will continue to work
on similar problems and to make our current tools
more accurate. Also increasing the speed of the
clustering algorithm is a topic for further study.

The area of football analysis is a mix of many dif-
ferent domains. If we want to fully benefit from this
mix and contribute to this area, we need a stronger
and more effective dialog between experts in the
different domains.

Acknowledgements

‘We wish to thank our students Susan Howlett, John
Jiang, Sidong Liu, Cahya Ong, David Rizutto and
Merlin Zhang who worked with us on this project
during the past few years.

References

Alt, H., Knauer, C., & Wenk, C. (2004) Comparison of dis-
tance measures for planar curves. Algorithmica, 38(2):45—
58.

Buchin, K., Buchin, M., Gudmundsson, J., Loffler, M., & Luo,
J. (2008). Detecting commuting patterns by clustering sub-
trajectories. Proceedings of the 19th International Sympo-
sium on Algorithms and Computation (ISAAC 2008), pages
644655, Berlin, Heidelberg. Springer-Verlag. To appear in
International Journal on Computational Geometry and Ap-
plications.

Fujimura, A., & Sugihara, K. (2005). Geometric analysis and
quantitative evaluation of sport teamwork. Systems and
Computers in Japan, 36(6):49-58.

Grunz, A., Memmert, D., & Perl, J. (2009). Analysis and
simulation of actions in games by means of special self-
organizing maps. International Journal of Computer Sci-
ence in Sport, 8(1):22-36.

Kang, C.-H., Hwang J.-R., & Li, K.-J. (2006). Trajectory
analysis for soccer players. ICDMW ’06: Proceedings of
the Sixth IEEE International Conference on Data Mining -
Workshops, pages 377-381, Washington, DC, USA. IEEE
Computer Society.



152 Towards Automated Football Analysis: Algorithms and Data Structures

Lee, J.-G., Han, J., & Whang, K.Y. (2007). Trajectory clus-
tering: a partition-and-group framework. Proc. ACM SIG-
MOD international Conference on Management of Data,
pages 593-604.

Nanni, M., & Pedreschi, D. (2006). Time-focused density-
based clustering of trajectories of moving objects. Journal
of Intelligent Information Systems, 27(3):267-289.

Vlachos, M., Gunopulos, D., & Kollios, G. (2002). Discover-
ing similar multidimensional trajectories. Proc. 18th Inter-
national Conference on Data Engineering (ICDE), pages
673-684.



MEASURING EFFICIENCY OF FOOTBALL TEAMS BY COMMON SE
OF WEIGHTS IN DEA

Reza Kiani Mavf, Neda Kiani Mavf

@ Department of industrial management, Islamic Azad University (IAU), Qazvin Branch, Qazvin, Iran.
Postal address: Islamic Azad University (IAU), Nokhbegan Street, Qazvin, Iran. Tel: (+98) 281 3665275-7
b Department of sports and physical education, Islamic Azad University (IAU), Qazvin Branch, Qazvin, Iran.
¢ Corresponding author: Rezakianimavi @yahoo.com

Abstract

Managers continually seek improved methods to nrea$e performance of their organizations becaleg t
are committed to improve efficiency and effectivenén their operating units. Data Envelopment Asigly
(DEA) has proven itself to be both theoreticalljusd framework for performance measurement and an
acceptable method by those being measured. Siotealbis without doubt one of the most importairids

of sports in the world, therefore by taking datatfte season 1999/2000 from Haas et al. (2004 )tuey ghe
efficiency of football teams in the German Bundgslby DEA. In this paper, we applied a practicahomn
weight compromise solution methodology for measyréfficiency of football teams and then selectihg t
best one. We find that discriminating power of thisthod is more than conventional DEA and efficienc
score of teams are more reliable. The non-paratn8prearman test of relationshig) @nd the Kendall's Tau
test ¢ ) of correlation verify the results of DEA and gommise solution.

Keywords: Common weights, DEA, Ranking, Football team

1. INTRODUCTION everywhere, such as to TV, newspapers, on to
streets, to business, schools and homes. So héer t
Football has become the largest leisure activity an success of national teams, great celebrations are
has great social and economic importance. Thearranged on the city streets. The traffic stopstaed
growth of these leisure sectors in the 90s has beentreets become full of flags, peoples and cars. The
directly linked to the process of media liberaliaat amount of joy is as great as the victory. In thesmw
and, more specifically, the growth of pay-per-view football has an important role of including the
television. There is also consensus that these adite people in the national idea. Thus, by the assaciati
growth cannot continue indefinitely, and that the of people, football binds many people to build a
market growth has currently stalled (Bosca et al.,community. As a raising trend, football has become
2009) a commercial source. With the supporters of teams,
During the last quarter of the 20th century, folitba sponsor income and publication, the truth income
became a more favorable sport then many othecomes to a budget of hundreds of millions of dsllar
branches (such as volleyball, handball, basketballFor example, the income of Manchester United was
athletics and boxing) and local games (baseball200 million euro from the English Premiere League
golf, cricket, rugby), all over the world from Eyg® in 2000, from German Bundesliga Bayern
to South America and from Africa to Asia. In the Minchen’s income was 150 million euro.
struggle of many branches of sports, the advantageBerformance evaluation in football might be arisen
of football are its easiness, low cost, and no rfeed in a few critics:
expensive tools. Football, the unique branch oftspo i) The efficiency of the manager and technical
in the countries is becoming an important elemént o director (coach): This kind of evaluation takesint
the culture and community. The referee’s decision,consideration the input and output that depends on
technical director, team'’s tactics, and playergita  the experience of managers and directors.
are the causes of argument. Gossip spreads
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i) The efficiency of the team in a match: This team should have performed better (accumulate
evaluation deal with inputs and outputs, inputs maymore points) according to the budget spent.

be the players ownership of the ball, corner kicks,Considering that the economic targets achievement
kicks, penalty kicks, and outputs may be the numbeiis not always the first priority of a Football Clab

of goals and the result of the match. manager, the technical efficiency estimation can be
iii-) The efficiency of the team or teams in the deservedly characterized as adequate only via the
season: In this point of view the season isanalysis of the technological relations that désce
appreciated as a process and cumulative efficiency team’s operation. Additionally, the fact that thare
calculated with the data at the end of each weekno market prices for a team’s products, which are
Alternative approaches might be consideredgoals scored and the inverse of goals conceded,
depending on the aim (ALP, 2006) enhances the choice of the analysis’ specific form.
Haas et al. (2004) propose that many people allThis paper is devoted to analyze efficiency-related
around the world and especially in Europe and Soutlguestions on the team level for the ‘Deutsche
America consider (European) football not only as aBundesliga’ (German Federal Football League),
game, but nearly as a kind of religion. Hence,which is one of the most important professional
football is without doubt one of the most important football leagues in the world. We are interested in
kinds of sports in the world. Besides passion, tiana the season overall efficiency of teams, sincedtrse
support and joy, when the supported team wins, oto be most important from an economic point of
pain, when it loses, football in Europe is a major view and least investigated.

industry and significant business.

Many teams have been listed on stock markets in the. MEASURING THE TECHNICAL
course of the nineties to finance investments,EFFICIENCY OF FOOTBALL TEAMS:
merchandising has more and more become a major

source of revenues for the teams and the value 02.1 EFFICIENCY: MEANING AND M EASUREMENT
broadcasting rights has increased dramatically.Economically, efficiency refers to the relationship
Single teams exhibit considerable revenue figures. between scarce factor inputs and outputs of goods
Football is also the source of endless discussions and services. This relationship can be seen and
strategies, referee decisions and performance amongvaluated in term of either physical output or ctist
experts, hence, among every single fan. The disputeve plan to identify and determine the best possible
of millions of would-be team managers or trainers (optimal) combination of inputs to produce a given
not only runs along the simple line on who will win level of output in physical term, then we are tadki
the championship, but also on relative performanceabout technological or technical efficiency. With
Do teams with seemingly inferior initial positions, regard to technical inefficiency, it is caused bg t
with smaller budgets and less talented playersy‘pla failure to achieve the best possible output leaeld
over their heads'? How should a team, of which/ or usage of an excessive amount of inputs.

most experts expected to win the championship, beéOn the other hand, if we want to determine the
judged, when it ends up as second or third after th optimal combination of inputs that will minimizegh
last round? These questions are without doubt oftost of producing a given level of output, then we
economic origin, because they dwell upon one of theare talking about economic efficiency or cost
central economic concepts, namely efficiency. efficiency. This kind of efficiency requires the
Thanasis (2009) suggests that the analysis of thavailability of input prices like the price of laband
football clubs’ operating efficiency measurement is capital. According to Drake and Hall (2003), in the
static and includes both the estimation of teams’absence of accurate data on input prices,
(TE) technical efficiency level as well as the performance analysis should be focused on technical
identification of its sources. The analysis is efficiency (Ismail, 2004).

characterized as static due to the fact that @rsefo  All that the DEA efficiency measure tells us is
a specific period of time. The technical efficiency whether or not a DMU can improve its performance
term is connected directly to the use of inputsaby relative to the set of DMUs to which it is being
Decision Making Unit (DMU) during a period of compared. To this end, DEA computes a scalar
production and estimates any possible waste ofneasure of efficiency and determines efficient leve
resources for a given technology. of inputs and outputs for the organization under
The extravagance of resources (especially of moneygvaluation. To begin, it is very essential to
is particularly evident in the football clubs’ case understand the concept of efficiency.

where the cost minimization choice is not always th

first priority of a team’s director. Accordinglyhe 2.2 DATA ENVELOPMENT ANALYSIS

efficiency notion is usually discussed by the fatitb Football is a competitive sport with two teams @&f 1
fans, especially when they are convinced that theiplayers. The winning team must score more goals
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than the other team during the game. While theze ar NBA association clubs. Barros and Leach (2007)
various styles of competition, the national leaguesused technical efficiency effects model in soccer
involve each of the teams playing each other duringclubs in the English Premier League. Barros and
the season. Each team plays every other team twicé;each (2006a) used DEA-CCR and BCC model in
once in its own ‘home’ ground, and once ‘away’ in soccer clubs in the English Premier League and
the opponent’s ground. Victories are rewardedh wit stochastic frontier model in soccer clubs in the
three points, draws receive one point, and deféats English Premier League (Barros and Leach (2006b).
not receive any points—therefore it is a non-zeroHaas (2003a) applied DEA-CCR and DEA-BCC
sum game. The team with the most points wins themodel for 12 US soccer clubs and Haas (2003b)
league and any ties at the end of the season anesed DEA-CCR and DEA-BCC model for 20
broken in various ways in each league. Premier League clubs. Barros and Santos (2003)
There are incentives for occupying the highestapplied DEA-Malmquist index on 18 training
possible position in the league at the end of theactivities of sports federations.

season. Of course, if being first were the onlyIn this paper, we will assume that clubs have acces
criteria then teams would lose their incentive io w to the same level of technology, but differ in thei
when they realize that first place had becomelevels of efficiency, and that this may explain
unachievable. Therefore, the best-positioned teamslifferences in productivity. It seems reasonable to
are rewarded with the opportunity to play in assume that the technology used in football (tactic
European competitions in the following season, andplans, physical training, etc.) is homogeneous and
the lowest teams are relegated to the league belowasically well-known among industry professionals.
(Bosca et al., 2009). For this reason, non-parametric optimization
There are two main approaches to measurdechniques, specifically DEA models, are used.
efficiency: the econometric or parametric approach

and the nonparametric or DEA - Data Envelopment2.2.1 Production possibility set

analysis approach. The former is mainly based orThe relative comparison in DEA is examined within
econometric techniques and measures the differenca production possibility set (PPS). The production
between the benchmark and the inefficient entitiespossibility set (PPS) is defined as the set oihgllts

by the residuals, while the latter is based onaline and outputs of a system in which inputs can produce
programming techniques. Some of the advantages abutputs, as:

SFA over DEA are: firstly, the fact that it accosint m

for noise and secondly, the fact that it can bel lise T={(x,y){xDR+ can produce yOR? }

order conventional tests of hypotheses to be . . .
conducted (Thanasis, 2009). In fact, based on information about t_he existintada
Barros and Barrio (2008) state that unlike the ON _th_e performange of the units _and some
econometric stochastic frontier approach, DEA preliminary assumptions, a PPS is built gnd DEA
allows the use of multiple inputs and outputs, putforms an empirical eff|C|e_nt_ S“rf‘?‘c.e (frontler).__af
does not impose any functional form on the data; no DMU lies on the surface, it is efficient; otherwie

does it make distributional assumptions for thererr is inefficient. DEA also provides efficiency scores
term. Both methods assume that the productio

rf';md reference units for inefficient DMUs. Reference
function of the fully efficient decision unit is &mn. units are units on the efficient surface which ban

In reality this is not the case and the efficiesu-i regarded as target units for inefficient units. yhe

quant has to be estimated from the sample. Undeﬁrg_ Tl)btained by dprc|>|jecting han i?fgfficient DfMU
these conditions, the frontier is relative to thenple ~ fadially or nonradially to the efficient surtace
considered. (Jahanshahloo et al., 2009).

DEA is a new methodology that calculates the

performance scores of various decision making unitg2-2-2 CCR Model

with the operation research technique. Performance-:rhe productlon p055|b|I|t_y set of CCR model which
evaluation has a multi-variable and complex is built on the assumption of Constant returns to

structure. DEA is a technique that is an entirely Sc@le (CRS) can be constructed from the observed
objective way of performance evaluation (ALP, PMUs as semi-positive vectors(xy)* (0,0 as
2006). follows.
Barros and Barrio (2008) measured the Efficiency of S>30 v, ye¥N _
the English football Premier League with a random T = (x, y X= ZJ=1/]J Xjp¥y=s ZJ=1/]J Yi
frontier model. Hoefler and Payne (2006) applied A20, j=12..,n (2.1)
stochastic production frontier model for analyzing
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The CCR model, as introduced by Charnes et al,. m _ s .

(1978), measures efficiency relative to the caralnic (_ZS + Y ) Is equal to zero,
convex monotone hull of the observations. This '~ '

efficiency estimate can be computed using Definition 2 (Pareto efficiency):
straightforward linear programming. . ' . )
The input oriented CCR model estimates maximumPMUp ; PO {12,....,n}is Pareto Efficient if and
radial input contraction of the evaluated DMU such only if g" =1 in (2.2) and all constraints (except the
that the projection of it is within the PPS. The nonneqgative constraints) are binding at all optimal

corresponding linear programming problem, called ¢q) tions (Jahanshahloo et al., 2009).
envelopment model for efficiency estimation of

DMU, (Input oriented Envelopment model or IE 5 3 \yLTi-cRITERIA DECISION-MAKING (MCDM)
model) is as follows: PROBLEM

) The MCDM problem may be represented as:
CCRE) Min g,

subject to Maxf(x):{fl(x),fz(x),___,fk(x)}
SN X OpxXp<0 i=12..m (22) subject to: (24)

OX =(xxOR", <0,c=12..t
YA V2 Yy TE12008 KOX = OOR, go0) 0= 12...)
J=1A ] Yy rp . . . -
. where x is an n-dimensional vector of decision
/1j20v 1=12..., variables, {, f,, . . ., f are k distinct criteria
9. free functions of decision vector x, ang, @, . .., g are
P inequality constraints, and X is the feasible skt o

The dual problem, called multiplier model (Input ggrcl)%t)ralned decisions. (Malczewski and Jackson,

oriented Multiplier model or IM model), will alsoeb
used afterwards:

=}

2.3.1 Compromise Solution Approach

Compromise solution approach is an example of
CCRim) Max Zleur yrp methods which do not need any inter objective or
other subjective preference information. In order t

subject to: solve the problem (2.4) (identifying the efficient
> ooy Yii X0V xjs0 j=12...n solutions), suppose fj ,j=1,..,k, are the
Zi”llvi Xip -1 23) optimum value of the following models:
ur 20 r=12..s Max {fj (9; j=1 ...kl (25)
v; 20, i=12...m subject to: xOX

Where the variables, @nd y are dual variables, in  Then an efficient solution is defined as the one
linear programming terms, to the constraints netati  which minimizes the deviations from these optimum

to the I output and  input in model CCR,  values (ideal solution) as follows:
respectively.

1
The optimal vaIueU: of u can be seen as the K fF(X)-fj(X) Plp
imputed value per unit of output r. Similarly, the Min Dp = _ f*—(x) .+ p21
= j

optimal value\4* of v, can be seen as the imputed

value per unit of input i. Likewise, the output  subject to: xOX (26)
oriented CCR model estimates maximum radial

output expansion of the evaluated DMU such thatwhere the value of p is based upon the utility
the projection of it is within the PPS function of the DM. in the above Model, for the

(Zohrehbandian, 2005). smallest value of P=1, every deviation is being
weighted equally. As p increases, more weights are
Definition 1 (Efficiency): given to the larger deviations. Ultimately, theglest

DMUp ; pOd{12,...,n}is CCR efficient, if and deviation completely dominates wheno®=There
are three values of p, p=1, 2, amd which have
special mathematical properties and are worthy of
consideration (Hwang and Masud, 1979).

only if " =1 in (2.2) and the sum of slack variables
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2.4. COMMON WEIGHTSANALYSIS(CWA) Jahanshahloo et al. (2005) presented the following
Liu and Peng (2008) state that conventional datamultiple objective fractional programming problem
envelopment analysis (DEA) assists decision makerdor finding CSW.

in distinguishing between efficient and inefficient s s

decision making units (DMUs) in a homogeneous pax 2r=1Ur yr1+u0,_”,zr:1ur Yrn ™ Uo
group. Its characteristic is to focus on each Vi i1 > vin
individual DMU to select the weights attached te th .
inputs and outputs, and to locate the envelopmentSUPiect
surface. A set of weights for the inputs and owgput erzlur Y,i +Uo
is determined by the DEA program to show each /=7 =
DMU in its most favourable light as long as the > Xij
efficiency scores of all DMUs calculated from the
same set of weights do not exceed 1.

As a considerable number of DMUs are usually U Vi2& r=12..s ,i=12..m

categorized as efficient, a procedure for rankimgy t

efficient units is sometimes necessary. This isHaas et al. (2004) propose that coaches— in
especially important when each DMU represents oneparticular their tactical as well as motivational
alternative for consideration. Even for inefficient skills— are very often considered to be of utmost
units, there are cases in which they need to bémportance for a team’'s performance. Evidences
ranked. For example, in allocating governmentindicate that coaches make significant contribgion
subsidies, the ranking of the units is often regglir to a team’s success in the field.

However, an inefficient unit with a smaller The proposed model in Jahanshahloo et al. (2005) is
efficiency score does not necessarily mean poorenonlinear. But we used one input in the example so
performance than one with a larger efficiency scorethat the model is converted into linear one.

because only the units under the same frontiett faceFor convenience and simplicity, one input is
are comparable. considered in efficiency measurement. For this
Using different sets of weights to classify the DMU reason we took coaches’ wages as the single ifput o
as efficient or inefficient is acceptable to the the model. Consider the following MOLP problem
practitioners. However, if different sets of weight with respect to multiple outputs and a single exact
are used for ranking, most practitioners may notinput for efficiency measurement.

agree because every DMU believes that other DMUs vs R y

will take this advantage to defeat it. Therefotee t  Max r=aUr ¥ry r=1Ur Y

major purpose for generating common weights in X1 Xn

DEA is to provide a common base for ranking the supject to:

DMUs, both the efficient and inefficient ones. Note

to:
<1 j=12..,n 31

up free

S
that a common set of weights means one frontier Zr=1Ur Yy <1 j=12..n (32)
hyperplane. All DMUs lie beneath that hyperplane. Xj
The idea of common weights in DEA was first ur 2 €, r=12..,s
introduced by Roll et al. (1991). There are many
ways to generate common weights. The efficiency s
score calculated from the standard DEA model is thewvhere Lr=aUr Yy , the weighted ratio of outputs to

target for each DMU to achieve. The DMUs select a X

common set of Welghts which yleldS the Shortestinput, may be assumed as performance of umtJ

distance between.the vector .of efficiency SCOresNow, consider the following model (3.3); is the
calculated from this set of weights and the target. . o !
Based on the common set of weights, all DMUs are®Ptimum performance of unit j.

compared on one scale (Kao and Hung, 2005). Kiani Y iUy Y &
Mavi et al. (2010) proposed a CSW compromise & X | Y
solution approach for technology selection. sbject  to:

S
3 PRACTICAL COMMON  WEIGHT Zraale Yy
COMPROMISE SOLUTION APPROACH FOR Xj
TECHNOLOGY SELECTION urz e, r=12..s

j=12..n (33)
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We can solve the MCDM formulation (3.2) by using And then, model (3.7) is converted as follows:

compromise solution approach as follow:

Plp
n| . XPour Yy
Min { Y QJ_M . l<sps<o
j=1 Xj
subject  to
Yr=ury
AT < j=12.0n (3.4)
Xj
Ur2€| r=122..5s

(Jahanshahloo et al., 2005)

Min Z
subject to:
. r=tlr Y
220]._&’ jgA
Xj
Yo Yy
&51’ jOA (38)
Xj
Ur2¢&, r=1212..s
Z=0

S . .
Because, all OM@ are of efficiency type, The proposed MCDM approach has two advantages

Xj !

in comparison with DEA-based approaches

then there is no need to normalization. Let usproposed in the literature for the similar problem.

consider two cases in which=1 p=o.
If p=1then we have:

Min i{e’} Zray ]

j=1 X
subject to:
PRI
2T Mgy j=12.0n @35)
X]
Ur 2 €, r=12...s

First, the proposed approach evaluates all
alternatives by common weights, therefore
overcomes the unrealistic weighting scheme
problem that is common to DEA, because DEA
assumes that each DMU selects the best factor
weights. Second, it identifies the best team wats|

computation compared with DEA-based approaches.

Result: By the optimal solution of (3.7), at least one
6j: i=12..n equals to 1.

Proof: Suppose thag; - is the optimal solution of

By solving model (3.5); r =1,...,s, are calculated (3.7) and is CSW. There is ong j = 12...,k for
which are common weights thus we can calculateyhich the second inequality in (3.7) is binding.

efficiency of all units by using these weights.

If p =00 then we have:

. Zr=Ur Vi
Min{Max Hj_ir Yy
I<j<n Xj
subject to:
Yraur Y
Lryrlsl j=12..n (36)
Xj
Ur ¢, r=12...s

Because, if it is not the case, there is a sufiitye
small valued >0 where

@, V) = (u* +[30,... 0]V _[5101---10];]|_—><m)

satisfy the set of restrictions in (3.7). Because
U ,v) is the optimal solution, then, this is a
contradiction. Therefore, there is one
i; = 212....,k for which we have:

ZrS:]_Ur er ~Xj =0
This means that relative efficiency of at least one

Model (3.6) is a special linear problem but by pyvy equals to 1 and CP can lead to finding relative
defining a variable Z, simply, converted to a linea gfficiencies by CSWH

problem as follows:

Min Z
subject to:
. Zr=Ur Y
Zzgj—ﬂ, =12..n
-
j
PRI
AT g i=12..n @7)
Xj
Ur &, r=12..s
z20

Furthermore, for complete ranking of DMUs in
models (3.6),(3.7), we can define set A as follow:

A={i[DMU jis efficient by (36),(37)]

4. NUMERICAL EXAMPLE

Data of this paper are based on Haas et al. (2004).
We have four outputs and one input. In this paper,
we assumed that coaches' wage is the most
important input factor for team's success then we
considered it as the input. Table 1 shows data.

For analyzing the efficiency of teams compromise
solution approach with P=1 and 4&®=s applied.
CCR efficiency score of teams are presented in
column 2 of table 2. Columns 3,4 show the
efficiency score of them by CSW. Applying
proposed method on the data results in the follgwin
CSWw.



Table 1: Raw data for the season 1999/2000

Team Coach’s monthly (O)points S_pectators _ _Sta_diur_n T_otal revenues
wage in 1000 DM in 1000s | utilization in % | in Mio. DM
Bayern Miinchen 300 73 894 83.5 220
Bayer Leverkusen 180 73 382 89.7 85
Hamburger SV 125 59 703 76.6 61
1860 Miinchen 160 53 555 51.8 42
1. FC Kaiserslautert] 200 50 684 96.9 75
Hertha BSC 100 50 809 62.8 42
Vil Wolfsburg 80 49 292 83.5 40
Vfb Stuttgart 100 48 500 65.3 52
Werder Bremen 30 47 507 84.5 63
SpVgg Unterhaching 30 44 163 76.6 14
Borussia Dortmund 100 40 1099 93.7 150
SC Freiburg 50 40 420 98.8 31
FC Schalke 70 39 689 65.4 64
Eintracht Frankfurt 80 39 605 58.3 40
Hansa Rostock 35 38 275 66 32
SSV Ulm 22 35 371 97 26
Arminia Bielefeld 50 30 335 74.4 32
MSV Duisburg 42 22 257 50.1 28
Source: Kicker Sportmagazin, Olympia Verlag
Table 2: Efficiency score of teams.
Team CCR-Efficiency, Efficiency with P=1  Efficiency thiP=o
Bayern Miinchen 0.3492 0.1760 0.1762
Bayer Leverkusen 0.2577 0.1258 0.1256
Hamburger SV 0.3328 0.3322 0.3325
1860 Miinchen 0.2085 0.2048 0.2051
1. FC Kaiserslauterr] 0.2024 0.2022 0.2022
Hertha BSC 0.4787 0.4775 0.4783
Vil Wolfsburg 0.3857 0.2166 0.2159
Vfb Stuttgart 0.3044 0.2955 0.2957
Werder Bremen 1.0000 1.0000 1.0000
SpVgg Unterhaching 0.9219 0.3238 0.3216
Borussia Dortmund 0.7143 0.6488 0.6498
SC Freiburg 0.5033 0.4977 0.4968
FC Schalke 0.5824 0.5812 0.5820
Eintracht Frankfurt 0.4475 0.4466 0.4471
Hansa Rostock 0.6842 0.4656 0.4647
SSV Uim 1.0000 0.9997 0.9974
Arminia Bielefeld 0.4022 0.3968 0.3962
MSV Duisburg 0.3637 0.3622 0.3619
Average 0.5077 0.4307 0.4305
Table 3: Nonparametric Correlation test between CCRimgrand CP ranking (N=18)
Test CP with P=1| CP with P=o
Kendall's tau_h .721" 721"
Spearman's rh{ .840" .840"

™ Correlation is significant at the 0.01 level (2ed).
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P=1: y;= 00001, y5= 00589, 3= 00014, ;= 00001 abnormal efficiency scores calculated from the CCR
model.

Some teams have acquired higher efficiency scores
- with  CCR model but when all of teams are
In Column 2 of table 2, CCR efficiency scores ar€ considered based on common weights, then, their
shown. Columns 3,4 show the compromise oficiency score has decreased. For example, SpVgg
programming scores that have been obtained by;hterhaching obtained efficiency score of 0.9219 by
CSW. Because we applied two norms 1 and infinity ccg model but its efficiency is 0.3238 and 0.3216
then CSW and resulting scores are different fromby common weights. This implies that, some of
each other that is ob\{lous n colgmns 3.4. Sa_meefﬁciencies obtained by conventional DEA model
ranking order of teams in compromise programming e apnormal. This case is true for some othergeam
with norms 1 and infinity is resulted from theitl as Bayern Minchen, Bayer Leverkusen, Vi
difference. If the differences were significanteith Wolfsburg, Borussia Dortmund and Hansa Rostock.

P=c: ;= 00001, yp= 00591, y3= 00001, (= 00001

different rankings were expected. In all cases the amount of decrease is not impbrtan
that can be attributed to the CSW but in other ones
4.1 VVALIDATION OF RESULTSAND DISCUSSION like SpVgg Unterhaching, this decrease is

To verify the results of DEA and compromise ,nsiderable that shows abnormal scores obtained
solution, the non-parametric Spearman test ofby CCR model

relationship(y) and the Kendall's Tau tesZ() of 1 yerify the results of DEA and proposed methods,
correlation is employed (Azadeh et al., 2009). the non-parametric Spearman test of relationsiip (r
Because we want to test correlation between rank$ g the Kendall's Tau testT() of correlation is
obtained from two different methods then rank employed

correlation coefficient is calculated. If data @  g4me ‘recommendations for doing future studies are
normally distributed or have ordered categories, ,vided

choose Kendall's tau-b or Spearman, which measurg . Usef'ul extensions of  the proposed

the association between rank orde_rs. methodologies can be developed, which enable
Tabl_e 3 reports the non-parametric S.pearman test of  he decision-maker to consider imprecise output
relationship () between CCR rankings and CP data denoted by fuzzy numbers, interval data,
fa!"k”’?gs with P=1 and Pe which result in the ordinal preference information & their mixture.
rejection of H at 0.01 levels. » Researchers can extend the proposed methods to

, other models in DEA such as BCC-CCR, CCR-
Also, the Kendall’s Tau test() of correlation BCC. Additive model and etc.

verifies this finding at the same level of sigréfice.
There is a direct relationship between CCR and CPRzeferences
results. The Spearman test statistics is 0.84@4dr

and 0.840 for P= because ranking of two A p | (2006) Performance Evaluation of
approaches are same. This result shows a strong Goalkeepers of the World Cup. G.U. Journal of
direct relationship between CCR and CP ranks. Science, 19(2), 119-12

Because the number of efficient DMUS on a azadeh, A.,Ghaderi, G.F. and Omrani, H. (2009) A
common weight basis is reduced, discriminating Jeterministic approach  for  performance

power of our approach is higher than CCR. assessment and optimization of power distribution
units in Iran. Energy Policy, 37, 274-280
5. CONCLUSION Barros, C.P and Barrio, P.G. (2008) Efficiency

This paper developed new methodology based on measurement of the English football Premier
MCDM and DEA for generating Common set of | gagye with a random frontier model. Economic
weights (CSW) to assess all the DMUs on the same \jqdelling, 25, 994-1002

scale. Because average of ranks in the proposefliarrgs C.P., Leach, S. 2006a. Performance
methods is less than conventional CCR model, we gyajuation of the English Premier League with

can say that the discriminating power of proposed gata envelopment analysis. Applied Economics 38
methods is more than that of CCR model. Also, this (12), 1449-1458.

finding is proved by nonparametric correlationsest parros  C.P., Leach, S., 2006b. Analysing the
In general, the rankings of these methods indicate performance of the English F.A. Premier League
that the results are reasonable. In addition te, thi  \yith an econometric frontier model. Journal of

they are more informative. They not only Sport Economics 7 (4), 391-407.
differentiate the efficient units, but also detsotne
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AN IMPROVED WORLD CUP TOURNAMENT DESIGN

Darren O’Shaughnesgy
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Abstract

An alternative design for World Cups is presengggplicable to many sports. The proposed structartopms
better than the incumbent design under several ritapb metrics, including likelihood of the best nea
winning, number of matches between teams of sinaldlity (“competitive balance”), number of matches
between high-quality teams, and potential valueetgvision broadcast rights. The design is evatliagainst
other metrics, including those proposed by Scaufsof & Bilbao (2009), and assessed for its pralitycan

the existing tournament timeframes. Ultimately, ttheration of the tournament is the most important
constraint.

The incumbent format of round-robin groups followkeg a “knockout” is reversed. Instead | propose a
preliminary classification phase, elite round-robimd repechage, followed by regular semi-finals fnall.
The 2010 FIFA World Cup took 16 days — half itsgmand 75% of its matches — to reduce the irfigdd of

32 teams to 16, but only four days for each subsetjualving. It is reconstructed as an exemplar.

Keywords: World Cup, Tournament Design, Repechage, FootBaltket, Tennis, Rugby
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ABSTRACT

Football is arguably the most popular sport worltlyiyet its history been marred by incidents of
match fixing at both international and club levl.this paper, we review the potential for match
fixing during the group stage of the FIFA World Cipecifically, the potential for match fixing
was assessed among those teams who had qualifigtef®ound of 16 after only two group stage
matches, and therefore had little incentive to thiir final group stage match. The 1998, 2002, and
2006 World Cups are reviewed in detail, in ordeidentify the different scenarios where there was
the potential for match fixing to occur. Both FIFAnkings and Elo ratings were used to determine
each team’s relative ranking prior and during theug phase. Given the presence of four teams in
each group, simulations were carried out for sixeptial schedules of games, with the aim of
identifying the optimal draw in regards to minimigi the potential for match fixing situations.
Results indicated that the potential for matchnfixis dependent on the schedule as well as the
standard deviation of team rankings within eachugroSpecifically, groups that have a high
standard deviation in Elo ratings are more lik@ybe susceptible to match fixing situations in the
final match of the group stage. This is particylaHe case if the top two ranked teams play each
other in the first group stage match. The poteritinimatch fixing can be minimised when the top

two ranked teams play each other in the final grstage match.

Keywords: Match fixing, FIFA, Football, World cupjo ratings

1. INTRODUCTION

Football (referred to as soccer in Australia arel th
United States) is arguably the most popular world
sport, with professional competitions established
in a wealth of countries worldwide. The pinnacle
of the football calendar is undoubtedly the FIFA
World Cup, a tournament that is held once every
four years. All registered football nations are
eligible to compete for a place in the tournament,
with 204 nations competing for a place in the next
instalment of the FIFA World Cup, which will be
held in South Africa in June/July, 2010 (FIFA,
2010a; Torgler, 2006). The World Cup is

challenged only by the Olympics in terms of
global attention, financial investment, and
worldwide viewing as a sporting tournament, with
more than 700 million viewers tuning in to the last
World Cup held in Germany in 2006 (FIFA,
2010Db).

Despite the popularity and financial prosperity of
the sport, football has been marred by several
controversies both on and off the field throughout
its history (Caruso, 2009). Perhaps the most
controversial is the tendency for the sport to be
embroiled in match fixing scandals, with both club
and international football retaining a long history
of match fixing incidents (Caruso, 2009; Preston
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& Szymanski, 2003). By definition, match fixing
occurs when a game is played in the context of a
partially or completely pre-determined result. One
of the most well known match fixing incidents in
football occurred at club level, in the Italian tger
A, where world powerhouses Juventus, AC Milan,
Fiorentina, and Lazio were implicated in a match
fixing scandal that involved selection of
favourable referees. Juventus were ultimately
stripped of their 2004-2005 and 2005-2006 Serie
A titles, were relegated to Serie B, and were
banned from participating in European club
competitions in 2006-2007. Penalties were also
handed down to AC Milan, Fiorentina, and Lazio,
although these were not of the severity allocabed t
Juventus (British Broadcasting Corporation,
2006a, 2006b). The World Cup has not been
exempt from match fixing accusations, with a
book published by Declan Hill alleging that during
the 2006 World Cup, one group match (Ghana vs.
Italy), a round of 16 match (Ghana vs. Brazil), and
a quarter final (Italy vs. Ukraine) were fixed by
Asian betting syndicates, with final scores being
known prior to the matches being played (The
Age, 2008).

In one of the most infamous match fixing scandals
in World Cup history, West Germany played
Austria in the final group stage match of the 1982
World Cup (Caruso, 2009). In this match, a 1 or 2
goal win to West Germany would have enabled
both West Germany and Austria to qualify,
however a win to West Germany by 3 or more
goals would have eliminated Austria and enabled
Algeria to qualify. In addition, a draw or a win to
Austria would have eliminated West Germany,
with Algeria again qualifying as a result. In the
end, West Germany scored once in the 10th
minute, with neither team scoring for the
remainder of the match. The lack of attacking
movements from either team after West Germany
scored raised significant questions about whether
the match was fixed to ensure that both West
Germany and Austria progressed beyond the group
stage, simultaneously eliminating Algeria (Caruso,
2009). Although most match fixing scandals have
been associated with financial incentives, this
example demonstrates that other incentives are
often present to intentionally draw or lose a match
This is particularly salient in tournament situaso
where a team has already qualified for the next
round and therefore has little incentive to win its
remaining pool matches (other than the
psychological advantages associated  with
maintaining momentum and a winning culture).

The structure of the World Cup tournament is
particularly vulnerable to this type of match figin

In the World Cup, the 32 qualifying teams are split
into eight groups of four (Groups A to H). Teams
are allocated to groups by first clustering all 32
countries into four pots. For the allocation of
teams for the upcoming 2010 World Cup, the first
pot consisted of the eight seeded teams (thdies, t
host nation and seven teams who FIFA deemed to
have the highest ranking), the second pot consisted
of teams from the European continental zone, the
third pot consisted of teams from South America
and Africa, and the fourth pot consisted of teams
from Asia, Oceania, North and Central America,
and the Caribbean. One team from each pot was
allocated to each group, resulting in a mixture of
teams from different confederations and variations
of highly ranked and lower ranked nations within
each group. During the group stage, each team
plays each other team within their group once,
resulting in each team playing in three group stage
matches, with six matches being played across the
entire group. The teams who finish first and
second in the group qualify for the Round of 16,
whilst the teams who finish third and fourth are
eliminated.

The schedule of the group stage in the World Cup
is critical in terms of the potential for match
fixing. Depending on the fixture, teams often
qualify for the Round of 16 if they win their first
two matches, which results in a dead rubber (that
is, a match where the outcome does not impact on
the team’s standing in the tournament) in the final
group stage match for at least one team. In this
scenario, a team may be presented with one of
several incentives to draw or lose a match. For
example, if a team has already qualified for the
Round of 16, they may intentionally draw or even
lose their third match to ensure that they finish
second in the group rather than first, or to ensure
that the team they are playing in the final match
qualifies for the Round of 16. A common question
that arises is why a team would rather finish
second in their group or why they would bother
assisting another team with qualification for the
Round of 16. Simply put, in the Round of 16, the
first place team in a group plays the second placed
team in another group. As such, if a team
recognises that the team who finished second is
more dangerous to play in the Round of 16, they
may prefer to finish second in order to play the
team who finished first in that group.

To illustrate, consider the state of Group B ptr
the final group match in the 2002 World Cup.
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Table 1. Group B at the 2002 World Cup prior to
the final round of group stage matches.

Team W D L GF GA P
Spain 2 0 0 6 2 6
South Africa 1 1 0 3 2 4
Paraguay 0 1 1 3 5 1
Slovenia 0 0 2 1 4 0

For this group, Spain were on top and had already
qualified for the Round of 16, and played second
placed South Africa in their final group match.
Meanwhile, Paraguay (third) played bottom placed
Slovenia, who were already out of contention for
the Round of 16. Based on their relative rankings
and form going into the match, Paraguay were
highly fancied to beat Slovenia, whilst it was
thought that Spain would beat South Africa.
Although South Africa were highly fancied to be
defeated by Spain, a draw would have prevented
Paraguay from qualifying for the Group of 16
(FIFA, 2010c). Thus, Spain had an incentive to at
least draw with South Africa, given that it would
eliminate the higher ranked team from the
tournament without impacting on Spain’s position
in the group. Instances such as this are not
uncommon, with scenarios that had similar
ramifications occurring in four groups at the 2006
World Cup, and three and four groups for the 2002
and 1998 World Cups respectively.

In this paper, we examine the potential for match
fixing during the group stage of the FIFA World
Cup. FIFA rankings and Elo ratings are used to
determine each team'’s relative ranking prior to and
during the group stage of the 1998, 2002, and 2006
World Cups, with these rating models used to
determine the likelihood of match fixing
depending on variations in the fixture. The
potential for match fixing was evaluated across the
six possible schedules of matches, with the
probability of teams playing in a dead rubber
being determined.

2. METHODS

The schedules of group stage matches for the last
three World Cups (1998, 2002, and 2006) were
downloaded from the Official FIFA website
(2010a). Each team’'s Elo rating (calculated
following their final friendly before each World
Cup) was considered as the rating for their first
group stage match. Given that Elo ratings are

updated after each match, the following formula
was applied to all teams in order to calculaterthei
Elo ratings prior to the second and third round of
group stage matches:

Rn:R0+K(W_We) (1)

In the above formula, Ris the new rating, Ris
the pre-match rating, K is equal to 60 for World
Cup finals (seewmww.eloratings.conmfor details),
W is dependenbn match result (i.e. 1 for a win,
0.5 for a draw, and O for a loss), ang Wfers to
the expected result:

We =1/ (16440 + 1) 2)

dr = difference between the two teams’ Elo
ratings.

In order to provide a more reflective measure of
team strength, 100 points is typically added to the
Elo rating of the home team. Therefore, for each
World Cup, the Elo rating of the host(s) was equal
to their actual rating plus 100. Moreover, as pért
the analyses, it was essential to identify the best
two teams in each group. Given that teams, on
occasion, had equal Elo ratings before the start of
the World Cup (e.g. Iran and Mexico prior to the
2006 World Cup), FIFA rankings (which are
published several weeks before the start of the
World Cup, and are not updated during the
competition) were also recorded as an alternative
measure of team strength.

Based on each group containing four teams, six
potential schedules were created for the group
stage matches, refer to Table 2.

In schedules 1 and 3, the best two teams, in terms
of Elo ratings, play each other in their last match
In schedules 2 and 5, the best team plays against
the second and third teams in the first two
matches. Finally, in schedules 4 and 6, the match
between the first and third teams is played in the
third and final group game.
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Table 2. The six possible schedules during the
group phase of the FIFA World Cup.

Group Ranking

Schedule 12 2 3 4
1 4,2 4,3,1 1,2,4 2,1,3
2 3,2,4 4,1,3 1,42 23,1
3 4,3,2 3,41 2,1,4 1,2,3
4 4,2,3 3,1,4 2,41 1,32
5 2,3,4 1,4,3 4,1,2 3,1,2
6 2,4,3 1,3,4 4,1,2 3,1,2

# Indicates the ranking of the team within the
group

® Indicates that the highest ranked team played the
third ranked team in their first match

In order to investigate the likelihood of match
fixing, Elo ratings were used to simulate the first
two rounds of group matches for each World Cup.
@RISK software was used to simulate group
matches for 10000 iterations, with points tables
being computed following each iteration.

3. RESULTS

A preliminary simulation of group matches, using

randomly generated Elo ratings for the four teams
in a group, resulted in 13 possible patterns of
points at the end of the second group stage match:

(a) 6-6-0-0; (b) 6-4-1-0; (c) 6-2-1-1; (d) 6-3-1-1;
(e) 6-3-3-0; (f) 4-3-2-1; (g) 4-3-3-1; (h) 4-2-2-1;
(i) 4-4-1-1; (j) 4-4-2-0; (k) 4-4-3-0; (1) 3-3-3-3;
(m) 2-2-2-2.

Out of the above possibilities, conditions (a),, (b)
and (c) were considered potential situations for
match fixing:

(a) The first two teams play each other in thest la
match, and either team can lose in order to finish
second in the group rather than first (refer tol@ab
3 for an example).

Table 3. Group H of the 1998 World Cup prior to
the final round of group stage matches

Team W D L GF G P
A
Argentina 2 0 0 6 0 6
Croatia 2 0 0 4 1 6
Japan 0 0 2 0 2 0
Jamaica 0 0 2 1 8 0

(b) The highest ranked team, which plays against
the third ranked team in their last match, can
reduce the chances of the second ranked team
qualifying by losing against the third ranked team
(refer to Table 4 for an example).

Table 4. Group C of the 2002 World Cup prior to
the final round of group stage matches

Team W D L GF G P
A

Brazil 2 0 0 6 1 6

Costa Rica 1 1 0 3 1 4

Turkey 0 1 1 2 3 1

China PR 0 0 2 0 6 0

(c) The team on six points has already qualified as
the top team in the group. As such, a loss against
the team in second position can ensure that teams
in either third or fourth position are unable to
qualify (refer to Table 5 for an example).

Table 5. Group A of the 1998 World Cup prior to
the final round of group stage matches

Team W D L GF G P
A

Brazil 2 0 0 5 1 6

Norway 0 2 0 3 3 2

Scotland 0 1 1 2 3 1

Morocco 0 1 1 2 5 1

As a preliminary analysis, the prevalence of each
points pattern over the course of the 1998, 2002,
and 2006 World Cups was examined, refer to
Figure 1.

As shown, the most frequently occurring points
pattern was the 6-4-1-0 pattern, which occurred on
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over 20% of occasions. Of note, this is a points
pattern that has a potential for match fixing. Bhe
6-0-0 points system was equal second in terms of
most frequent points pattern, whilst the 6-2-1-1
system was equal fifth, occurring on less than 10%
of occasions. Cumulatively, the potential for
match
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Figure 1. Proportion of occurrence of all possible
points patterns over the 1998, 2002, and 2006
World Cups.

fixing was evident in 42% of all groups over the
past three World Cups.

In order to investigate the probability of conditio
(a), (b), and (c) occurring at the end of the sdcon
round of group stage matches, 10000 simulations
using actual Elo ratings at the time of a particula
World Cup were carried out for each of the six
potential schedules in a group. For the purpose of
these simulations, each team’s Elo rating in their
first match was considered as the average of the
normal distribution of that team’s ratings.
Moreover, for each World Cup, the standard
deviation of all 32 teams’ Elo ratings was applied
to the distribution of each team’s Elo ratings. The
outcome measure, which was the probability for a
potential match fixing condition to occur in each
specific schedule, was computed by adding the
probabilities of point patterns (a), (b), and (o) i
the simulation outputs.

Before reporting the simulation results, it should
be noted that in the preliminary simulation that
used random Elo ratings for group teams, the
cumulative percentage of match fixing conditions
ranged from 25.2 to 26.7% across all schedules.
However, in almost all simulations using the six
different schedules, using teams’ real Elo ratings,

the cumulative percentage for match fixing
conditions was greater than 27% across all
different patterns of points.

Figure 2 displays the mean probability of the
potential for match fixing across the six possible
schedules of the group stage of the 1998, 2002,
and 2006 World Cups.

A general pattern was found in all three World
Cups. Schedules 1 and 3 always resulted in the
highest probability of match fixing, ranging from
55 to 88% in the eight groups of the 1998 World
Cup, 53 to 72% in 2002, and 50 to 72% in 2006. In
contrast, schedules 2 and 5 led to the lowest
likelihood of potential match fixing, ranging from
12 to 38% across all groups in the 1998 World
Cup,
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Figure 2. Mean probability of the potential for
match fixing across the six possible group
schedules for the 1998, 2002, and 2006 FIFA

World Cups.

22 to 44% in 2002, and 12 to 41% in 2006. The
outcome measure corresponding to schedules 4
and 6 were moderate in relation to the likelihood
of potential match fixing situations. Across the
eight groups of the 1998 World Cup, between 19%
and 45% had the potential for match fixing, in
2002 these probabilities were between 39% and
57%, and between 33 and 51% in 2006. With
respect to all groups within the three World Cups,
the potential for match fixing was highest during
1998, followed by the 2006 and 2002 World Cups
respectively.

Although particular schedules consistently resulted
in the highest (e.g., schedules 1 and 3) and lowest
(e.g., schedules 2 and 5) potential for match gjxin
notable variations were evident in regards to the
likelihood of possible match fixing situations
arising across different groups. While the
difference between the highest and the lowest
probability of potential match fixing in simulation
outputs (a, b, and c) was less than 9% for some
groups, it exceeded 60% in other groups.
Correlational analysis revealed that there is a
strong relationshipr(= .89) between the standard
deviation of teams’ Elo ratings in a particular
group and the difference between the highest and
the lowest likelihood of match fixing for that

group.

Based on this finding, the potential for match
fixing situations was re-analysed by clustering the
eight groups in each World Cup into high and low
standard deviation subsets. To be categorised into
the low standard deviation group, a standard
deviation of less than 115 Elo rating points was
required. By contrast, a standard deviation of
greater than 140 Elo rating points was required to
be categorised in the high standard deviation
group.

As shown in Figure 3, when teams within a group
were relatively even (that is, their Elo ratings
maintained a low standard deviation), the
likelihood of match fixing was relatively low,
irrespective of the schedule for the group. By
contrast, when the Elo rankings of teams were
uneven (and thus the standard deviation within the
group was high), the likelihood of match fixing
was higher. This was particularly the case for
schedules 1 and 3, whereby the top two ranked
teams played each other first. Schedules 2 and 5
yielded the lowest potential for match fixing, and
this corresponded to the two highest rank teams
playing each in the final group game.

4. DISCUSSION

Results of this paper have revealed that potential
match fixing situations were evident in three af th
13 possible group standings following each team
playing two matches in the group stage of the
FIFA World Cup. Whilst it may be argued that
match fixing can occur irrespective of the state of
the group, in the four circumstances highlighted in
this
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High Standard Deviation in Elo Ratings
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Figure 3. Mean probability of the potential for
match fixing across the six possible group
schedules for groups with a low and high standard

deviation in Elo ratings.

paper, engaging in match fixing would be of no
negative consequence to the losing team since
qualification for the Round of 16 has already been
achieved. In effect, the team’s standing within the
tournament would not be detrimentally impacted
by drawing or losing their third group-stage match.
Simulation results have indicated that the schedule
of matches has the potential to moderate the
likelihood of match fixing opportunities in the
World Cup. Specifically, whether the top ranked
team played the second ranked team in the
opening match, or the second or third group-stage
match considerably impacted on the potential for
match fixing. It is evident that the greatest rafk
potential match fixing occurs when the top two
ranked teams play each other in their first group
stage match. In this scenario, if rank 1 defeatk ra

2 in the opening match, and rank 1 then goes on to
win their second match, rank 1 has the opportunity
to influence whether rank 2 qualifies for the
Round of 16 in their third group stage match. This
is because rank 1 has already qualified for the
Round of 16 prior to the match, and therefore can
lose to rank 3 or rank 4 in order to prevent rank 2
qualifying.

The lowest risk of potential match fixing was
evident when the two highest ranked teams played
each other last. This is because the two highest
ranked teams are most likely to win (or at least
draw) their first two matches against weaker

opposition, and then play against each other to
decide who finishes on top of the group. Thus,
playing each other last prevents either team from
fixing a match against weaker opposition in order
to prevent a higher ranked team from qualifying
for the Round of 16.

A limitation of the two highest rank teams playing
each other in the final group stage game should be
noted. If the two highest ranked teams win their
first two matches (which is probable given that the
matches are against the third and fourth ranked
teams in the group), then the two teams that will
qualify for the Round of 16 will be known prior to
any of the third and final group stage matches
being played. In effect, these matches will only be
played to determine who will finish first in the
group, with the match between third and fourth
being a dead-rubber. Whilst designing the
schedule in a way that reduces the potential for
match fixing has its incentives, the spectaclenef t
tournament may be diminished somewhat if a
substantial number of teams are eliminated from
the tournament prior to the third round of group
stage matches. Whilst this occurs in a small
number of groups in the competitions current
format, engaging in dead rubbers in a large
number of groups would not be beneficial for the
tournament.

Based on this conundrum, the question that arises
is when should a schedule be designed on the basis
of match fixing potential? The answer may lie in
the level of volatility within the group, and the
difference in quality among the four teams. In
effect, teams who have greater disparity in Elo
rankings also had the greatest potential for match
fixing. However, groups that contained teams who
were relatively even (often referred to as groujps o
death) were less likely to have potential match
fixing situations arise. This is typically because
points awarded for wins and draws are likely to be
more evenly distributed among the four teams in
the group, with fewer teams qualifying for the
Round of 16 prior to the final group stage match.
As such, it appears most salient to adjust the
schedule for groups that have high disparity in
rankings across the four teams as opposed to
adjusting the schedule for groups that are more
evenly balanced.
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5. CONCLUSION

In summary, this paper has presented on the
potential for match fixing to occur during the
group stage of the FIFA World Cup. Results have
indicated that the likelihood of potential match
fixing situations is dependent on the schedule and
on the differential quality of teams within the
group. Specifically, groups that have a high
standard deviation in rankings are more likely to
be susceptible to match fixing situations in the
final match of the group stage, particularly if the
top two ranked teams play each other in the first
round of group stage matches.
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Abstract

Using all regular tournament rounds of golf playedboth the American and European golf tours betwee
2000 and 2009, 860 golfers were identified as laytayed on both tours. By assigning the contirient
which each player played the most rounds as bé&ieghtome’ continent, a mixed linear model was used
determine the effects of a ‘home tour’ advantageer@55,000 rounds of golf were examined. Overating

on the US tour was marginally lower than in Eurdg&.58 vs 71.740=0.001). There was a significant
difference between rounds<0.0001), with third round scores lowest (71.43)pfwed by second (71.63), first
(71.78) and then final round (71.79). Golfers thlalyed more often on the US tour were consistemtbr half

a stroke better than golfers that played more sefjubn the European tour (71.39 vs 7183.0001). There
was a significant interaction between continent aondhe tour |§<0.0001) with US tour golfers averaging
71.21 on the US tour and 71.58 on the European tehite European tour golfers averaged 71.91 on the
European tour and 71.95 on the US tour. Averageesappeared to have increased by about a straetwe
past 10 years, while experience and familiarity e@th about half a stroke per thousand rounds for
experience and about half a stroke per sixty rouhds is played at each specific tournament. Sicpmitt
differences exist between both the European angdf&ours and the players that play on these toLingre

is also statistical evidence to support the thelay experience and familiarity are predictive off gcore.

Keywords: Sports, Golf, Home Advantage

1. INTRODUCTION This manuscript will seek to investigate the effect
of a ‘home tour’ advantage that may exist in
The role of home ground advantage (HA) has beerprofessional golf. By comparing scoring for players
shown to play an integral role in any analysis of that have played on both the US and European golf
sporting events. Whilst many different approachestours and assigning the ‘home tour’ as being the
have been used to quantify HA, the underlying continent played on the most, it is possible to
reason why HA exists has been reduced to threguantify a ‘home tour’ effect and determine if st i
basic principles; travel, familiarization and crowd consistent across both continents. Whilst datanate
support. When considering the sport of golf, available to tease out the travel and crowd
professional golfers travel long distances betweencomponents of HA, by considering player
tournaments, have greater familiarity with coursesperformance relative to the number of times a playe
that they play on more regularly and the uniquehas played in each tournament it is also possible t
proximity of the crowd and players that occurs in derive a surrogate marker for familiarity component
golf would suggest that home crowd should be aof HA.
contributing factor.
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2. BACKGROUND compared the performances of British (home) and
foreign (away) representatives in the British Open
Professional golf tournaments played on both the USGolf Championships from 1946 to 1980. In contrast
and European tours are traditionally 72 hole eyentsto the majority of studies into HA, they found taer
played over 4 days, commencing on the Thursday ofvas a home country disadvantage for British golfers
each week and finishing on the Sunday. Unlessthat they attributed to pressure from home crowds.
inclement weather conditions intervene, each dailyHowever this result must be treated with some
round will consist of 18 holes of golf. Whilst scepticism, as they did not account for the différe
tournament numbers vary, there are usually abougbilities of British and overseas players.
150 players that commence each tournament with
numbers ‘cut’ after the first 2 rounds. Whilst 3. METHODS
‘making the cut’ criteria may differ from tournanten
to tournament, generally speaking, only the leadingA database was compiled of all 18 hole rounds of
half of players will go on to play the final 2 raim professional golf played in the past 10 years (2000
The concept of HA has long been recognised as #009) on both the US (177,790 rounds) and
phenomenon in sport and has been subject of muckuropean (170,912 rounds) golfing tours. This
research. Schwartz and Barsky (1977) provided onelatabase was then reduced to a list of 860 golfers
of the first detailed studies examining HA in that had officially played golf on both tours, léay
baseball, gridiron, ice hockey and college baskktba a database of 255,453 rounds of golf. Information
Subsequent studies have shown HA to exist to som&as collected on date, tournament, player, rourd an
degree in many other professional sports. Pollardscore. By sorting the data in chronological ordes,
(1986), Barnett & Hilditch (1993) and Clarke & number of rounds played by each player was
Norman (1995) confirmed the existence of HA in generated to provide a marker of player experience.
professional soccer. Courneya & Carron (1992)Similarly, the number of rounds played by each
provide a helpful taxonomy, listing a range of player at each tournament was also generated to
studies covering soccer, hockey, baseball, basketbaprovide a surrogate marker for the familiarity
and gridiron. HA is not limited to sporting eveimts  component of HA. Players were assigned the
the northern hemisphere. Lee (1999) has confirmecdtontinent in which they had played the most rounds
HA in Australian Rugby League, whilst Stefani & as being the ‘Home Tour. To further explore the
Clarke (1992) explored HA in Australian Rules effects upon the more experienced golfers, a subset
football. This result was further confirmed by Bgil analysis was performed on the 128 players that had
& Clarke (2004) and Clarke (2005). Neave andplayed a minimum of 50 rounds of golf on both
Wolfson, (2003) further identified a significant tours.
difference in salivary testosterone levels withcswc
players playing at home having higher levels thanSatistical Analysis
those playing away. Statistical analysis was performed using SAS
All of the above studies relate to team sports, andversion 9.1 (SAS Institute Inc., Cary, NC, USA).
little work has been done in investigating the akte Round scores were found to be well approximated
to which home advantage is present in individualby a normal distribution, which facilitated the usfe
sports. In an overview of research on homemixed linear modelling using the PROC MIXED
advantage, Nevill & Holder (1999) Ilist 50 procedure in SAS. The MIXED procedure uses a
references, of which only two (their own work on restricted maximum likelihood algorithm that
tennis and golf) were concerned with individuals enables specific modelling of the within-player
rather than teams. Using regression methods Holdecovariance structure and further enables effecbeto
& Nevill (1997) found little evidence of home treated as FIXED or RANDOM. A multivariate
advantage in either the major tennis or golf model was fitted including fixed effects forear,
tournaments held in 1993. Using log-log regressionround, tour, home tour, tour*home tour, experience
on the same data, Neville, Holder et al (1997) cameand tournament experience (familiarity) with
to the same conclusions. However both these studiefdividual players and tournaments treated as
had very limited data, comprising only four golf random effects.. Results have been reported as
tournaments in a single year. In the only othedygtu means + standard errors with error bars on graphs
to explore HA in golf, Wright, Christie et al. (189
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representing standard errors. A two sided p-vafue othe same with scores on the US tour 0.18 strokes

0.05 was considered to be statistically significant ~ lower than scores in Europe. (70.93+0.09 vs
71.11+0.09p=0.005). (Figure 2) As prize money on
the European tour is lower, it is realistic to estpe

4. RESULTS that the US tour would attract the better players
which would explain the slightly lower scoring on

The database comprised a total of 255,453 rounds the US tour.

played by 860 golfers. On the US tour, there were

141,868 rounds played by 452 golfers, whilst on the

European tour there were 113,680 rounds played by Scoring on US vs European Tour
408 golfers. Whilst the number of golfers playing 72,0
per year remained consistently around 400 on both 78 | BAl

tours, the number of rounds played per year showed
a slight increase. (US 2001: 12,677, US 2009:

14,284. Euro 2001: 10,939, Euro 2009: 12,682). US | o141
golfers played a median of 564 rounds of golf ia th o712 ]
US and a median of 16 rounds of golf in Europe, $71.0 |
while European golfer played a median of 482

71.6 1 @> 50 Rounds

rounds in Europe and a median of 32 rounds in the 708

US. As each tournament is held annually, the 70.6 1

maximum number of rounds played per tournament 704

was 40 and the median number of rounds played per EURO Tour us

tournament was 5 on both tours.

Figure 2: Scores per round in Europe and the USalfor

Overall golf scores were normally distributed wéth 860 golfers that played on both tours-255,453 rounds)

mean of 71.4 and a standard deviation of 3.3.and for the 128 golfers that played a minimum of 50
(median & m(.)de = 71). (Figure 1) " ‘rounds on both tour$£81,403 rounds).

1

Scoring per Round
- There was a significant difference between rounds
N (p<0.0001), with third round scores lowest
x (71.43+0.07) followed by second (71.63+0.06), first
7 l (71.78+0.06) and then final round (71.79+0.07).
When considering the more experienced players that
7 had played a minimum of 50 rounds on both tours,
the scoring pattern remained the same with the
lowest scores also occurring in Round 3. (Figure 3)
This scoring pattern across rounds reflects a
combination of two factors. As only the better
golfers for each tournament go on to play the final
two rounds, it is realistic to expect higher scares
_ _ the first two rounds. Secondly, the location of the
Figure 1: Histogram of golf scores on US & European pgle on the green has a big impact on scoring. kowe
tours 2000-2009¢255453) scores in the third round probably reflect easier p
placement whilst higher scoring in the final round

Scoring on USvs European Tours . .
When considering all 860 players that had played Orﬁ/lc()aulljljtirrr?;lteec:oin%o“(:y to make the holes harder in

both tours, overall scoring on the US tour was
marginally lower than scores in Europe (71.58+0.07
vs 71.74+0.0%=0.001). When looking specifically

at the 128 players that had played a minimum of 50
rounds on both tours, the overall scoring was lower
although the difference between tours was roughly

S60 BB B BB B 67 W B T T T T MK T5 T 8 7% B8 8 85 B 65 B BB 8 8 8w
Ioyer stare




176 Home Continent Advantage on the American and European Professional Golf Tours

Ave Score per Round
720

718
716
714
712
d
g0

708

70.6

70.4

70.2

oAl
@ >50rounds

4

70.0

1
Round

Figure 3: Scores per round for all 860 golfers hlayed

on both toursr=255,453 rounds) and for the 128 golfers
that played a minimum of 50 rounds on both tours
(n=81,403 rounds).

Scoring per year
There was a fairly consistent increase in scoring

over the 10 year period of data collection acragh b

continents, with scores peaking in 2008 before a

slight fall in 2009. (Figure 4) Whilst the true
for this pattern remains unknown, it could reflect
either a drop in the standard of golfers on touro
increase in the difficulty of golf courses.

Scoring per year

725

0 Europe
nus

721

715+

Score

714

70.5 1

70 +
2000 2001 2002 2003 2004 2005 2006 2007 2008 2009
Year

Figure 4: Average scores per year for both Euromeah
US tours

US versus European golfers

difference was less pronounced for the more
experienced golfers with US golfers about a quarter
of a stroke better off. (70.89+0.09 vs 71.15+0.11
p=0.04). When considering all rounds, there was a
significant interaction between continent and home
tour (p<0.0001). US golfers averaged 71.21+0.08 on
the US tour and 71.58+0.08 on the European tour,
while European golfers averaged 71.91+0.08 on the
European tour and 71.95+0.08 on the US tour. When
considering those that had played a minimum of 50
rounds on both tours the message was the same with
experienced US golfers scoring about 0.4 strokes
lower in the US than in Europe, while European
golfers were only 0.05 strokes worse off when
playing in the US.

Ave Score per Round

725

DAl
@>50 rounds both tours

720

715
é 710
705

70.0

69.5

Europeans in Europe US in Europe Europeans in US USinUS

Figure 5: Overall scoring for all 860 golfers tipddyed on
both tours §=255,453 rounds) and for the 128 golfers that
played a minimum of 50 rounds on both tours§1,403
rounds).

Experience
When considering all players, experience is a Righl

significant predictor of scoringp<0.0001) with
scores improving at a rate of about 3/4 of a stroke
per 1000 rounds (0.00074+0.00@%0.0001) This
improvement remains similar for those who have
played a minimum of 50 rounds on each tour
(0.00075+0.000p<0.0001). As the data set includes
a high percentage of players that commenced their
career prior to the year 2000, this is unlikelotoan
accurate reflection of the true effect of exper&nc

Golfers that played more often on the US tour wereT0 derive a less biased estimate, all players that

over half a stroke consistently better than golfers

commenced their career prior to 2001 were removed

that played more regularly on the European tourfrom analysis leaving a database of 62,722 players.

(71.39£0.07 vs 71.93+0.08p<0.0001). This

When considering this subset of players, the effect
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of experience was closer to a half a stroke foryeve professional golf in the US than in Europe (andevic

1000 rounds. (0.00048+0.00p20.0001). versa). This essentially meant that continent
familiarity has been used as a surrogate marker for
Familiarity HA.

When considering all players, there was evidence toAs some tournaments such as the US and British
show that improvement occurs with each roundOpen are regularly played on different courses, our
played at a tournament by a rate of 0.012+0.001%current marker of the familiarity, namely rounds
strokes per roundp<0.0001). This rate is slightly played per tournament can only be considered as a
less for those who have played a minimum of 50surrogate marker for true familiarity. A further
rounds on each tour (0.0079+0.0p20.0004), and pitfall of measuring player and tournament
slightly more when considering a subset of playersexperience from a 10 year snapshot of data arises
who commenced after the year 2000 (0.016+0.00dbecause the true level of experience for players

p=0.0001). commencing prior to 2000 will not be known. To
accommodate for this we have considered a subset
Individual golfers of players for whom complete career information

Tiger Woods dominance of world golf can clearly be was known.

seen by individual player averages over the past 10 here is further evidence to suggest that it maly no
years. (Table 1) Woods averages 68.0+0.15 strokebe appropriate to treat both experience and
per round overall, 68.0+0.16 in US and 68.1+0.27 infamiliarity as having linear relationships with
Europe. The difference in scoring average fromscoring as both may tend to have an exponential
Woods to the next golfer is 1.4 strokes; amazingly,relationship with a reduction in scoring reducing
only 0.8 of a stroke then separates the remainghg 1 over time. Because of the previously mentioned

players that rank in the top 20. pitfalls, it was considered beyond the scope dof thi
manuscript to explore familiarity and experience in
5. DISCUSSION depth.

It is interesting to note that player scoring has
There is statistical evidence to support HA in increased by over a stroke per round over thellast
professional golf. Whilst US golfers perform better years. This may be attributed to the fact that more
in both the US and Europe, they also have thetournaments are played now than ten years ago, but,
greatest discrepancies between performances dfiven the continued improvements in golfing
home versus performances away. Whilst the US toutechnology, it would be realistic to expect that
has more prize money and lower scoring suggestingcoring would go down over time rather than up.
a higher standard in the US, the reason why theéPerhaps we can conclude that tournament organisers
magnitude of HA differs between US and Europeanand course managers are finding ways to modify
golfers is open to speculation. courses and place pins so that increased length and
This retrospective analysis of home continentaccuracy do not equate to reduced scoring.
advantage has both strengths and weaknesses. Withne potential reason for this increase in scoriag m
over a quarter of a million rounds of golf, it in part be due to the Tiger Woods’ effect. Tiger is
represents one of the most comprehensive reports oclearly head and shoulders above the rest of the
professional golf in publication. Unfortunately golfing fraternity. The difference in averages (1.4
however there was a host of relevant informationstrokes fewer per round) from Tiger to the second
that could readily affect results that were notranked player (Phil Mickelson) is the same
collected. Course name, par score, golfer ageegolf magnitude as the difference from Phil Mickelson to
nationality, weather conditions, pin placement andthe 68" ranked golfer! With Tiger continually
travel schedules are just some of the manyshooting low scores, measures may have been made
parameters that could affect scoring. Given thatto make courses and scoring harder which has
familiarly is an established component of HA, itava resulted in increased scoring for most others.
also necessary to assign the home continent to th€inally, whilst this manuscript has been able tovgh
tour in which the most rounds were played. This highly statistically significant effectg<0.0001), the
occasionally resulted in golfers that were born andmagnitude of this database results in an imbalance
raised in Europe paradoxically being assigned abetween statistical and practical significance afAg
home continent of the USA as they had played moreaspiring golfer will tell you, the difference beterea
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good and bad round can come down to a matter ofound for golfers playing primarily on the US tour,
millimetres, in which case home continent advantagethe advantage is not present for golfers that play

may count for very little! primarily on the European Tour. There is statistica
evidence to show that differences exist between
6. CONCLUSIONS rounds, years and across continents and that

familiarity and experience are both significant
Scores shot on the US tour are significantly lowerpredictors of scoring. Furthermore, there is clear
than scores shot in Europe. Whilst there is a homestatistical evidence to support the argument that
continent advantage of approximately 0.4 strokes peTiger Woods is a class above all other golfers.

Overall All Euro Euro us us Diff
Rank Golfer All SE |Euro SE Rank | US SE Rank | Euro-US
1 Tiger Woods (US) 68.0 0.15 68.1 0.27 1 68.0 0.161 0.1
2 Phil Mickelson (US) 69.4 0.1p 69.8 0.30 7 69.3160. 2 0.5
3 Vijay Singh (US) 69.4 0.14 69.6 0.28 3 69.3 0.153 0.3
4 Ernie Els (US) 69.4 0.14 69.3 0.19 2 69.5 0.17 5 -0.2
5 Jim Furyk (US) 695 0.14 699 033 11 69.4 0.15 4 04
6 Sergio Garcia (US) 69.7 0.14 69.6 0.20 4 69.770.18 0.0
7 Anthony Kim (US) 69.7 0.24 69.7 0.54 6 69.6 0.266 0.2
8 Retief Goosen (US) 69.7 0.14 698 0.17 10 69.7180. 7 0.2

9 Padraig Harrington (US) 69.8 0.14 69.8 0.17 3 8690.19 10 0.0
10 Luke Donald (US) 69.8 0.16 69.7 0.24 5 69.8 0.189 -0.2
11 Davis Love Il (US) 699 0.15 700 0.38 12 69.0.15 13 0.0
12 Adam Scott (US) 70.0 0.5 70.2 0.19 17 69.9 0.191 0.3
13 David Toms (US) 70.0 0.14 709 0.39 59 69.9 0.1%2 1.0
14 Camilo Villegas (US) 70.0 0.20 69.8 0.44 9 69@21 14 -0.1
15 Zach Johnson (US) 70.0 0.17 701 0.43 1b 69.97 0. 15 0.2
16 Kenny Perry (US) 70.0 0.14 70.2 0.43 16 70.0 50.118 0.2
17 Stewart Cink (US) 701 0.14 70.7 0.34 39 70.0150. 19 0.7
18 Scott Verplank (US) 70.1 0.14 714 036 93 700015 17 1.4
19 Mike Weir (US) 70.1 0.14 706 035 34 70.1 0.1®0 0.6
20 Robert Allenby (US) 70.2 014 703 0.28 24 70@15 24 0.2

*SE=standard error
Table 1: Top 20 golfers with lowest overall scormgrage (>50 rounds both tours)
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Abstract

Data logging devices are used increasingly durimgpetition and training in elite sport. Strokeraismall
program used to present data collected using th@nhdaixX and Weba devices in Australian elite rowing
competition and training (Draper C, 2010).

Rowing and the data collection processes used bawee specific features that affect the design ef th
program and the data presentation. A 2000m ra@s taker 220 strokes.

Elite rowers in Australia routinely attach a MinirxXadevice to their boat. The device is set in ragvinode.
The MinimaxX device collects tri-axial acceleromeigyro- and magnetometer data at 100Hz as welRS
information at 5Hz. After the race or training sessthe device is taken from the boat and put i@ th
MinimaxX cradle. The Logan software downloads théadstored on the device and performs basic tramsfo
to create the data file.

The Stroker software was created as a prototyppr@mf of concept) to explore ways to display daten the
AlIS’s Logan software program. It aims to displag #ivailable data so analysts can investigate theenaf
rowing performance. Stroker might be described sisnple data visualisation tool.

Stroker was quickly adopted to provide reportingdaches at the elite level. It is a work in pregrdt shows
that some simple approaches still need to be exgbliorthe context of sport science.

Colour-coded multi-dimensional graphical displayere&vfound to be a powerful analysis and visuabsetbol
to profile comprehensive stroke by stroke (sbshgka of characteristic boat-related curve pattermslation
to the sbs average boat velocity and stroke rataugiihout a rowing race (Draper C, 2009). Data frbid
races of 43 Australian boats in 18 classes wertysed, the shs data detected, statistical testgyeaqhical
sbs colour-coded technique & performance-related tscatter plots were used to profile boat perfocea
and assess stroke consistency patterns in rekatiooat velocity (Draper C, 2008).

Keywords: elite rowing, data visualisation, instrumentati@®S accelerometer
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Abstract

Currently, there are a number of training prograinad attempt to improve decision making and awasne
badminton. However, these programs are extremalitdd, and do not provide athletes with the neggssa
improvements needed to optimise their in-game pediace. In developing and improving decision making
the ideal strategy would be to expose the athtetalltpossible situations and scenarios that thay face.
This allows them to retain certain responses iir fidconsciousness; leading their bodies to itate@ously
select the appropriate action to take in similamations. This paper provides an overview of trextebnic
training program currently being developed to inyeraeaction time and awareness in badminton players
Particular emphasis is placed on a player’s ahiititgstimate and predict shuttle location. Usirig fiiogram,
we will be able to identify the player's awarenessl attempt to improve their in-game performance an
decision making. These findings will not be limiteml badminton, and applicability to other sportdl e
discussed.

Keywords: Skills acquisition, badminton, visual traininggaision making

1 INTRODUCTION The traditional approach to training badminton
players follows a three step sequential training
In any fast paced sport or activity, the outcome of process: perception, decision-making and movement
match may be defined by the ability to make execution (Abernethy, 1996; Blomqvist, Luhtanen
decisions quickly and accurately (Blomgvist, and Laakso, 2001) training. Typically, coaches and
Luhtanen and Laakso, 2000). Considering thetrainers place heavy emphasis on the movement
importance of swift decision making, it has becomeexecution component of the traditional training
imperative that athletes train and improve their method (Blomqvist, Luhtanen and Laakso, 2001)
ability to instantaneously determine the best owurs and tend to overlook the significance of the
of action. However, improving an individual's cognitive processes of perception and decision-
capacity for decision making is more complex andmaking. This is unfortunate however, considering
detailed (Macquet and Fleurance, 2007) thanthe quality of decision-making in a game situati®n
improving physical abilities such as strength or often as important as the execution of the motor
agility. Currently, coaches and trainers attempt toskills (Blomqvist, Luhtanen and Laakso, 2001,
maximise athletes’ physical skills and competenciesThomas, 1994).
(Chin, Wong, So, Siu, Steininger and Lo, 1995;
Fahlstrom, Lorentzon and Alfredson, 2002), ratherCurrently, the majority of training methods focus o
than their decision making awareness. In attemptingmproving a badminton player's physical
to optimise an athlete’s competency, the capabilities. Minimal research has been carried out
development of a training program that incorporatesto examine the use of other training methods
the improvement of reaction time and awareness inBlomqvist, Luhtanen and Laakso, 2001) such as
juxtaposition with physical performance would be creative problem solving and video-based methods
ideal. in badminton, despite numerous studies suggesting
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that video-based training methods can improveparticipants having played in high school round
perceptual skills (decision accuracy and decision-robins. Athletes from the Australian Olympic team
making speed) in athletes (e.g., Abernethy, Woodsn conjunction with some members from RMIT
and Parks, 1999; Christina, Barresi and Shaffnerserved as the experimental group= 8) and were
1990; Farrow, Chivers, Hardingham and Sachseassigned to the treatment group (age mean S23,
1998; Starkes and Lindley, 1994). The small amount= 13.46). College students were randomly assigned
of training programs that do attempt to improve to either the treatment group (with the Olympic
decision making and awareness in badmintonteam) or the Control groum & 8, age mean = 18.63,
players are however extremely limited (Macquet andSD = 3.78).
Fleurance, 2007), and do not provide athletes with
the necessary improvements needed to optimise theiv easures
in-game performance. To effectively improve and evaluate decision-
making and reaction time in badminton players, we
While it is essential that athletes continuousbirtr  developed a visual based training (VBT) program
and improve their physical capabilities (Chin, Wpng using Microsoft’'s Visual Basic for Applications
So, Siu, Steininger and Lo, 1995; Fahlstrom, (VBA) software. Since particular emphasis was
Lorentzon and Alfredson, 2002), it seems evidentplaced on improving player’s ability to estimatedan
that cognitive components of badminton must not bepredict shuttle location using skills acquisitiahe
underemphasised when training athletes (Blomqvistprogram was named Skills Acquisition Trainer for
Luhtanen and Laakso, 2001). In developing andBadminton (SATB).
improving decision making, the ideal strategy would
be to expose the athlete to all possible situatéots K nowledge M easures Test
scenarios that they may face. This allows them toPrior to administering the treatment program
retain certain responses in their subconsciousnes§SATB) participants were given a Knowledge
leading their bodies to instantaneously select theMeasures Test (KMT) to evaluate their
appropriate action to take when similar situationscomprehension and awareness of badminton rules,
arise (Hall, Schmidt, Durand and Buckolz, 1994). strategies and techniques. The KMT was a
With the traditional training method, it is extrelme  simplified version of McGee and Farrow’s (1987)
difficult to expose athletes to all possible sitoas book “Test questions for physical education
and scenarios they may face as they acquire activities,” and was designed to test participant’s
regular standard of play from training with the sam knowledge of different shot types used in
athletes and coaches. As such, video based trainingadminton. Participants were timed on how quickly
methods expose players to an abundance of differerthey could match up a shot type with a descriptibn
scenarios and situations, preparing them for inggam a shot from eight choices. Figure 1 gives an exampl
utilisation (Blomqvist, Luhtanen and Laakso, 2001). of the questions in the KMT.

The purpose of this study was to develop a visual o=
based training program that aims to improve reactio SECTION A
time and awareness in badminton p|ayer5_ Particulall Match the shot types to the dezc;lig:ion that best describes the shot
emphasis is placed on a player’s ability to estEmat | quesonsors:

and predict shuttle location. Using this progran@, w | hisshotis usedto hitthe shutte

down fast and hard. It's generally

will be able to identify the player's awareness and| awayto end the point quickly.

This shot is hit high in the air and

attempt to improve their in-game performance andj| veu snap your wrist as soon as

your racket makes contact with the .¢ shor

decision making. shutle.

NET SHOT ‘ BLOCK SHOT ‘ DRIVE SHOT

PUSH SHOT ‘ 108 sHOT ‘ DROP SHOT ‘

9 METHODS Figure 1:An example of the Knowledge Measures Test
Following the KMT, the researcher would

Participants L ;
. . administer the SATB. The SATB is a VBT program
The participants for this study were collected from that consists of ten visual questions. Participants

two separate groups: .(') _athle_te_s_from the Afs{m“ would watch different clips of badminton rallies
Badml_nton Olympic (junior division) team (= 3) being played, with sequences running for 2 — 30
and (i) college studentsn(= 13) from RMIT seconds and was followed by a still frame for 1

Umversny. A" coIIege participants h"?‘d PrIOT “second with which participants would be asked to
experience in playing badminton, with most
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answer (on screen) what type of shot was about t@f this is shown in Figure 2 with the corresponding
take place (e.g. drop shot) as well as the locdtiah  answer options.
shot will be played (e.g. middle right). An example

| smasHsHoT | NET
Top Top Top
Left Middle Right
BLOCK SHOT
Middle Middle 5 .
_ Middle Right
LOB SHOT Left Migdle
T Bottom Botkom B:_ﬁﬁ?
o Left Mifidle 8
MET SHOT ! / | \ \

Figure 2:An example of the SATB answer selection screen

Testing Procedure given if participants chose the correct location th
Participants were tested before and after theshuttle will land, one point if it is adjacent thet
treatment period for shot type knowledge and speedhuttle location, and no points for any other lmrat
using the KMT. Participants in the treatment group selection. Participants are also timed from thenpoi
were also administered the SATB once a week forthe rally sequence finishes to the point they had
four weeks to examine their awareness, decisiorinputted their response to shot type and locatmon t
making, and response time. Participants in theexamine response time. With ten questions per
Control group were only given the KMT to complete session, the maximum score a participant could
(in week one and week four). Participants’ acquire was 40, with an optimal time of 11.9
performance in-game was also recorded on a weeklgeconds. Hence, the equation for the SATB score is
basis to examine if they could apply the skills given by:

acquired from the SATB in a live match. These

video recordings were fiimed at the Melbourne _ 119

Sports and Aquatic Center (MSAC) for the Olympic SATE = TIME X SCORE (1)

team and the Aqualink Leisure Centre for the

college students. From equation 1TIME is the combined time it took

participants to answer all ten questions regarding
The SATB was based on a weighted system, withshot type and shuttle location. The value of 1128 w
the assistance of experts’ judgement and opiniorbased on Jorgensen, Garde, Laursens and Jensen
(coaches and trainers who have played and taught2002) study Using mouse and keyboard under time
for many years). Two points were awarded for thepressure: preferences, strategies and learning” (a
correct shot type response, one point for otherclick response time = 1.1+0.08 s), in conjunction
possible shot types in that situation, and no goint with experts opinion that it would take two seconds
for any other shot types. Similarly, two points @er to select both location and shot typeSCORE is the
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combined score of each correct response from the Pre Post
ten questions. Therefore the maximum score an M D M D
individual can acquire on the SATB is 40. Upon Experimental 276.12 94.64 192.21 31.35
completion of the final SATB session (week eight) Control 284.47 65.49 279.55 71.12

participants are given the KMT once again to Table 1: Times on the KMT (in seconds) for bothugr®
examine the change in badminton knowledge and
awareness that the SATB has on participants.

Pre Post
M D M D
3. RESULTS SATB 91.44 37.04 32.77  7.96

Table 2: Times on the SATB (in seconds) for bothugso
A repeated measures ANOVA for the SATB was

carried out to examine the change in scores ower th

six weeks of experimentation. Assumptions of 4. DISCUSSION

normality, homogeneity of variance and sphericity

(x4(5) = 9.294p = 0.102) were met. Results showed The results from this study showed that VBT
that differences between conditions were unlikely t methods helped to improve participants’ reaction
have arisen by sampling errd¥(8,21) = 17.23p < time and awareness in badminton. The significant

.001); an overall effect size of 0.77 (partiaf) interaction on the KMT was caused by an increase in
showed that 77% of the variation in score can bethe scores of the experimental group on the psst-te
accounted for by improvement over time. while the scores of the control group either reradin

the same, or decreased. Furthermore, participants’
Similarly, a repeated measures ANOVA was carriedresponse time on the SATB improved significantly
out to examine the change in scores on the KMTover the eight week period which was further
across the experimental and control groups. Resultsupported by their improved response time on the
revealed a significant interactioR(1,7) = 143.36p KMT and in-game matches. The overall results from
< .001 between the two groups. Figure 3 shows thathis study revealed that participants were able to
the experimental group was able to improve theirimprove their badminton knowledge (awareness and
badminton knowledge significantlyp(< .001)  decision making) in conjunction with their reaction

compared to the control group. time, utilising the SATB.
124 These results are consistent with other studies tha
—e—  Experimental have utilised similar methods in attempting to
-  Control improve athletes’ skill and performance (Blomguvist,
104 Luhtanen and Laakso, 2001; Christina, Barresi and
Shaffner, 1990) via a VBT method. Blomqvist and
g colleagues (2001) argue that although generaktacti

will develop in athletes automatically from just
playing the game, good decision making skills will

07 only develop if taught extensively. The authors
suggest that visual-based learning tasks encourage
4 participants to develop their tactical awareness,

bringing cognitive aspects of their game to a
I I conscious level. Similarly, the present study found
Pre Post that participants who used the SATB showed a
consistent improvement in their ability to predacid
react to the visual-based sequences over the eight
week period.

Also, one way repeated measures ANOVAs were _ _ _ _ _ .
carried out to examine significance between timelnterestingly, in sessions with sequences involving
and score for both the KMT (refer to table 1) and athletes they have already seen play, their score o
SATB (refer to table 2). Results revealed a the SATB was higher than it was if they were seeing
significant improvement in time on the KMF(1,7)  those athletes play for the first time. Tong andgio

= 9.42,p = 0.02) as well as the SATE@B,21) = (2000) suggest that there are many different ptayin
15.12,p < .001). styles in badminton, varying from strength types to

speed types. The authors suggest that knowing your
opponents play style can help you predict what type
of shot they will play and where they will hit the

Figure 3: Pre and post test scores on the KMT Her t
experimental and control groups
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shuttle. The SATB supported this notion, with 5. CONCLUSIONS

participants scoring significantly higher in sessio

where they have acquired an athlete’s playing stylewith the majority of coaches and trainers placing

from viewing them play in previous sessions. little emphasis on the cognitive aspects of trajnin
these findings will introduce a new form of

Further points of interest regarding style of plegs  preparation that is both effective and successful i

noted by the researchers after viewing the videodeveloping the optimal athlete. The researchers

recordings of both the treatment and control grbupsfound that VBT methods were effective in

in-game matches and training. Firstly, participants improving reaction time, awareness and decision

the treatment group were able to improve theirmaking in badminton players. As such, it can be an

overall badminton skills as well as respond moreissue for future studies to apply VBT to other $por

efficiently (with greater speed and reaction tin®) for coaches and trainers to develop the idealitrgin

their opponents’ actions. Secondly, participants inmethod.

the control group were able to improve their oVeral

badminton skills and showed slight improvement in Acknowledgments

their ability to predict their opponents’ next acti
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Abstract

Talent identification is now common practice in #afian sport to identify future Olympians and
Paralympians. Mathematical models and multivarssgistical approaches to predicting performancspiort

are frequently recommended, however rarely impldetento identify those factor that are associatéith w
high performance athletes. Australia had difficfityding talent to complete in the 100m at the rec2008
Beijing Olympics and at the 2009 World Athleticsa@pionships in Berlin. This research is focussetiam

the best 100m sprinters, both male and femalealigtwn the race and to derive models for highfqrenance
sprinting. The research analysed data (IAAF, 2009 the recent 2009 World Athletics Championsliips
Berlin. The data set consisted of 23 male perfogearfrom the 100m final and semi-finals and 36 fema
performances from the 100m final and the fastelsket#s in the 100m sprint rounds. The data analysed
consisted of reaction time to the gun, race segtiraetfor 20m, 40m, 60m, 80m and 100m and convarsio
race segments times to average velocity per 20mpa@adsons were conducted for male and female spsint
in terms of multivariate factor analysis of times gegment to assess if the race segments reésistinct
race constructs or were representing the underlyaugor of sprint ability, nonlinear regression rieel
estimation) of average velocity with distance, ¢indar regression analysis in terms of predictiorb time
from race segments times. Individual (male=.8444,988.9% common variance; female=.906-.993, 92.1%
common variance) and pooled (0.985-0.999, 98.7%momvariance) factor loadings indicated that sprint
ability is common construct across all race segmeértte best fit nonlinear regression mathematicattions

for the relationship of average velocity per disersegment were cubic functions for both males 4&%.
R?=.975) and females (R=.989%R977), where the transition from positive to négaacceleration occurring

at 58-59m for both genders. The regression analysisg pooled data indicated that 60m time was an
excellent predictor of 100m time (R=0.994=R.982, p<0.001) indicating both males and femat#se the
problem of sprinting the 100m in almost an ideritroanner in terms of mathematical and statisticadlets.

Keywords. Curve estimation, nonlinear regression, fact@lysis, mathematical modelling

1. INTRODUCTION performance in sport are frequently recommended,

however rarely implemented, to identify those facto
Talent identification is now common practice in that are associated with high performance athletes.
Australian sport to identify future Olympians and Australia had difficulty finding talent, both males
Paralympians. Mathematical models and and female to complete in the 100m and 200m at the
multivariate statistical approaches to predicting
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recent 2008 Beijing Olympics and at the 2009 World 2. Discover the mathematical curve and function tha
Athletics Championships in Berlin as the one femalebest fits the data and to use this function asrimtsp
athlete who made the 100m is primarily a 100mmodel in talent identification as well as to evadua
hurdler, and no other athletes had sufficientlpdjo changes in athlete performance based on training
qualifying times to be considered for selection. programs to fit the high performance sprint model.
The Australian National Talent ID program 3. Evaluate the factor structure that exists betwee
(National Talent ID & Development, 2009) for the the acceleration, maximum running speed and speed
athletic sprint events, the 100m and 200m, is base@&ndurance stages based on evaluating the factor
on a simple sports specific motor fitness testsT&i  structure of sprint segments in the 100m.

the time for the 60m sprint from a standing stad a

the vertical jump height, a measure of the standingz. METHODS

anaerobic power of the legs. Explosive power in the

legs is thought to be related to performance iimspr The research analysed data provided by the
events, such as the 100m and 200m sprintsinternational Associations of Athletics Federations
Kinanthropometric data such as standing height andIAAF, 2009) from the recent 2009 World Athletics
body mass are also recorded to assess if the @dtent Championships in Berlin. The data set consisted of
athlete is within the usual ranges of heights aadan 59 athletes where 23 male performances from the
for sprinters. Anthropometric and sports specific 100m final and semi-finals and 36 female
motor fitness are related to both age and gendeperformances from the 100m final and the fastest
constructs. athletes in the 100m sprint rounds. The data
Other research (Heazlewood, 1998) has indicatedinalysed consisted of reaction time to the gurg rac
approximately 56% of 100m and 400m sprint segment times for 0-20m, 20-40m, 40-60m, 60-80m
performance can be predicted by power/weight ratioand 80-100m, as well as the conversion of race
using isokinetic leg extension at 306' using segments times to average velocity per 20m
CYBEX 340 technology. However, such segment. Descriptive statistics were derived to
information does not indicate how the athletesprovide an overall understanding of the data set.
actually sprint the entire race in terms of raceTests to assess normal distribution characteristics
distance, velocity segments, velocity curve were also conducted to evaluate compliance with
characteristics or the factor structure of the racestatistical assumptions using the following stad#st
segments. Coaching and biomechanicalmethods. The race segment data was then applied to
recommendations indicate the 100m sprint can bdinear regression analysis to derive a regression
divided into acceleration (Om - 50m), maximum equation based on which 20m race segment was the
running speed (50m - 80m) and speed endurance anost accurate predictor of total race time. The
negative acceleration (80m - 100m) stages based oimtention of linear regression analysis is to; depe
examining the curves of individual athletes such asan equation that summarizes the relationship
Usain Bolt (IAAF, 2009).However, the data is between a dependent variable and a set of
descriptive in nature and does not indicate whichindependent variables or variable; identify thesatb
race segment is the best predictor of total raceof independent variables or variable that are most
performance (100m time), which type of useful for predicting the dependent variable; and
mathematical curve best fits the data or indictties  finally to predict values for a dependent variable
factor structure, if any, that exists between thefrom the values of the independent variable(s) (Hai
acceleration, maximum running speed and speedct al., 2006). Gender specific models were derasd
endurance stages. Siegel (2009) has used pass trendvell as models based on the pooled data.

world records, over time to predict future times. The times were then converted average velocities fo
This predominant research focus was on how thehe 20m segments, which enabled the derivation of a
best 100m sprinters, both male and female, actuallyelocity (y-axis) and distance (x-axis) curve. Agt
run the race and to derive models for high derived curves were definitely nonlinear in shape t
performance sprinting. statistical method of curve estimation regressias w
Models that will: applied. The curve estimatigprocedure produces

1. Predict the total race time based on the raceurve estimation regression statistics and related
segment that is the most predictive of total rawet  plots for 11 different curve estimatioegression

In this context to test the model developed by thepossibilities. These regression models are based on
Australian National Talent ID program for Athletics |inear, logarithmic, inverse, quadratic, cubic, pow

to select 100m sprinters based on a 60m time trial. compound, S-curve, logistic, growth and exponential
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fits. In terms of evaluating model fit the follovgin  Reactiontme(s) 15 02 12 2 09
statistics are generated, these are, regressiormeo-2om() 3.10 13 2.89 3. 43
coefficients, multiple R, B adjusted R standard  ime20-40m(s) 505 25 448 ®3 03

error of the estimate, analysis-of-variance tabit w
appropriate levels of significance, predicted vajue
residuals and prediction intervals. Gender specific

Time 40 - 60m (s) 6.96 .37 6.31 27.4 111

Time 60 - 80m (s) 8.84 .51 7.92 59.4 1.53

models were derived as well as models based on thg!?! time100m (s) 10.80 67 9.58 1157 1.99
pooled data. . . . Table 1: Descriptive statistics for pooled datarfaction
Factor analysis was applied to assess if the 100m time and each race segment timedorsds.

sprint is represented by unique factors or reflects
underlying human motor fitness ability, such as This indicates both males and females solve the
sprint ability expressed across all race segméts. problem of sprinting the 100m in almost an ideritica
number of comparisons were conducted for malemanner in terms of mathematical and statistical
and female sprinters in terms of multivariate facto models. The predictive regression equation using
analysis to assess if the male and female sprinteranstandardised beta coefficients is:

displayed any gender specific models. A number of

factor solutions were applied, such as principle 100m Time(s) = 1.791(60m Time(s)) — 1.66s ) (1
component analysis, maximum likelihood and

principal axis factoring to develop the most Uinoar Regrssion
interpretable and pragmatic factor solution. 12001
The goals of factor analysis (Norusis, 1985; Hair e
at., 2006) are:

1. To identify underlying constructs or factorsttha
explain the correlation's among a set of variables.

2. To test hypotheses about the structure of the
variables.

3. To summarize a large number of variables with a s
smaller number of derived variables.
4. To determine the number of dimensions required

11.50

11.007

Time 100m (s)

to represent a set of variables. % Lo 0287
All calculations were conducted with SPSS I

Software Version 17.0 (SPSS - Version 17.0, 2009). e e GOm’(’:: 70 e

3. RESULTS Figure 1. Line of best fit for 60m time predicting

100m time.

The tests on normally distributed data (hormal Q-Q
plot, detrended normal Q-Q, normally distributed
histograms, stem and leaf plots, Kolmogorov
Smirnov test and Shapiro Wilk test) indicated ia th
majority of cases the variables satisfied normal
distribution assumptions. The descriptive statms f

The best fit nonlinear regression mathematical
functions for the relationship of average velogigr
distance segment were cubic functions for both men
(R=.987, B=.975) and women (R=.989,°R977),
where the transition from positive to negative
each race segment are displayed in table 1. acceleration occurring at 58-59m for both genders.

The minimum values in the range for the raceThe grfapk;)s trl:or the (ljndlwdual 1(\)/glocny—dd|_sta;nced
segments are for Usain Bolt and 9.58 secondg Uves forboth men and women m are displaye

represents the current World Record for the men's" figure 2.

100m. The regression analysis using pooled date%'S Itntelretsrflng to note tr;at tth_e ttvr\llo curves a“iwt
indicated that 60m time was an excellent predictorI entical, the main construct 1S the men sprintars
of 100m time (R=0.994, R0.982, p,0.001; standard faster than the women sprinters, however the shape

: _ — f the curves reflect underpinning capacities
ﬁlﬁg{r;;;edd;ﬁtﬁgu\rlslije’ mean=.014s, SD=.002s) andr)equired for 100m sprinting at the highest level fo

men and women. Pooled data is represented by
Variable Mean SD Min. Max. Range flgure 3.
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12.00

11.001

10.00

Mean Average Velocity (m/s)

T T T T T
20.00 40.00 60.00 80.00 100.00
Distance (m)

Group
— Male
[~ Female

Figure 2. Graph of men’s and women'’s velocity-dis&

graph (top line men’s data).

The pooled data equation 2 for the ¢

ubic funct®n i

v =4.139 + .144d - .00%d .0000055d 2

Where v = velocity and d = distance
function R = .99; p=.029).

Average Velocity (ms-1)

12.007

o

11,009 ®

10.007

9.00]

6.0 T T T T
20,00 40.00 60.00 80.00 100.00
Distance

segment (cubic

O Ovserved

— Cubic

Figure 3. The cubic data curve fit with observed
data points based on pooled data.

Velocity (ms-1)

O Observed
10.00] — Cubic

9.007

8.00]

7.007

6.00 T T T T
20.00 40.00 60.00 80.00 100.00
Distance

Figure 4. The cubic data curve fit with observed
data points for men 100m.

Women
v =4.007 +.141d - .00%d .0000056d (4)

Velocity (ms-1)

O Observed
9.00] — Cubic

6.0 T T T T
20,00 40.00 60.00 80.00 100.00
Distance

Figure 5. The cubic data curve fit with observed
data points for women 100m.

Both curve fits are almost an identical match in
terms of best nonlinear solution (cubic function),
extremely high R(> .975), coefficients for the two
cubic equations (equations 3 and 4) and the curve

Individual cubic equations are provided for both fitting the data, which is observed cases plotted
men and women based on the velocity-distanceagainst line of best fit. The data indicate that th
100m data and illustrated in equation 3 and equatio world’s best men and women 100m sprinters solve

4.

Men
v =4.208 +.159d - .002d .000006d

®3)

The almost perfect nonlinear curve fits for bothnme
and women are illustrated in figure 4 and figure 5.

the problem in an essentially identical manner.
Comparisons were conducted for male and female
sprinters in terms of multivariate factor analysfs
times per segment to assess if the race segments
represented distinct race constructs or were
representing the underlying factor of sprint apitis
compared to individual race segments, such as
reaction time, acceleration phase, maximum sprint
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running phase and speed endurance. The individuahen’s, women’'s and pooled data based on the
race segment model would suggest different factors.derivation of a single significant factor explaigin
the relationships in the correlation matrices.

c ‘1 A final factor analysis was conducted with reaction
Segmentd omponen time included with 20m race segments to assess if
Factor Loading reaction time is a unique constructs and different
from actual sprint running. Pooled data were used t
t20m 985 increase sample size and generalisability of the
t40m .995 factor solution.
t60m .999
t80m 997 Variables Component
t100m 993 1 Loading | 2 Loading
Table 2. Pooled Data Component Matrix with Factor
: I t20 .933 322
Loadings for Race Segments for One Significant Facto m
t40m .964 .248
Component 1 t60m .969 .244
Segments
Factor Loading t80m .970 .233
t100m .966 231
t20m .844
40 959 reaction (s) .252 .968
m ' Table 5. Pooled Data Component Matrix with a Two
t60m .994 Factor Solution, Loadings for Race Segments on Fdcto
t80m 978 and Reaction Time Loaded Uniquely on Factor 2.
t100m .926 A two factor solution was achieved by principal
Table 3. Men's Data Component Matrix with Factor component analysis with varimax rotation and
Loadings for Race Segments for One Significant Facto  Kaiser normalisation. This solution indicated that
reaction time and the ability to sprint 20m race
Component 1 segments were very different constructs, as the
Segmenty _ factor loading for reaction time was very low on
Factor Loading factor 1 (.252) and very high on factor 2 (.968)eT
©20m 906 reverse situation applied for the sprint segments,
' which are indicated clearly with the factor loading
t40m 975 in table 5 and highlighting the simple factor
t60m 993 structure of these constructs.
t80m 979 4. DISCUSSION
t100m .943

Table 4. Women's Data Component Matrix with Factor The data indicate clearly that both men and women
Loadings for Race Segments for One Significant Facto ~ world’s best sprinters solve the problem of running
the 100m in essentially an identical manner. The
Factor solutions using principal component analysislinear regression solution in predicting final 100m
produced the most interpretable and parsimoniougime from race segment time indicated the 60m time
solution based on men’s data (loadings = .844-.994¢could predict accurately final 100m time. It is
88.9% common variance); women'’s data (loadings =interesting to note the Australian talent idenéfion
.906-.994, 92.1% common variance) and podleh  Athletics program (National Talent ID and
(loadings= 0.985-0.999, 98.7% common variance) Development, 2010) for sprinting uses the 60m time
and factor loadings indicated that sprinting apile  trial as a selection criterion combined with veatic
a common construct across all race segmentsjump, standing height and body mass (weight).
Tables 2, 3 and 4 indicate the factor loadingstier = Based on these data alone it would appear that the
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60m time explains most of the performance variancel960’s and early 1970’s (Borzov, 2009), when he
(98.2%) in the 100m sprint for both men and womendiscovered Borzov's acceleration and maximum
and figure 1 indicates that both men and womensprinting speed lagged behind the best male spsinte
sprinters fit the linear regression line almost in the world at that time. Borzov went on the whe t
perfectly when using 60m time to predict 100m 100m and 200m in athletics at the 1972 Munich
time. The Australian talent ID process for the Olympic Games based on this training principle.
selection of sprinters based on 60m time has som&he factor analysis provided further confirmation
support based on these findings. However, thethe top men and women 100m sprinters solve the
factors of vertical jump, standing height and body problem of sprinting the 100m using almost idertica
mass may contribute minimally to the predictive methods and identified a common underpinning
model as most of the performance variance has beefactor that explained the majority of common
explained by just using race segments. variance (98% plus) for pooled data among the 20m
The nonlinear regression indicated clearly the cubi race segments. Using the data for men, women and
function to describe the velocity distance graph, a pooled data in separate factor analyses all detved
the data and the model were an almost perfeatrfit f single factor solution, where each race segment
both men and women sprinters. The underlyingloaded significantly on this one factor. This sugige
reason may reflect that both men and women use ththat underpinning sprint ability is expressed asros
same energy systems to solve the problem whemll race segments for this level of World
competing at maximal effort. It definitely indicate Championship sprint athlete, irrespective of gender
that the velocity-distance curves are relativekedi  and does not indicate independence of constructs
in shape and which describes the positivesuch as positive acceleration, maximum sprinting
acceleration phase, the maximum sprinting speedpeed or negative acceleration (speed endurance).
phase (approximately to 58-59m), and the signitican The inclusion of reaction time with sprint segment
negative acceleration phase from 80m to 100mtimes indicated that the reaction time construct is
These data indicate how athletes distribute speednique to sprinting and resulted in a two factor
across the entire race and indicate that all ggmsnt solution, one factor for 20m sprint segments angl on
solve the problem in the same manner, which hintsfactor for reaction time from the starting gun. The
of finite, but like capacities, when men and womentwo factor solution was an orthogonal solution
use maximal sprinting in competition. The major indicating no correlation between the reaction time
issue is, the male sprinters just sprint fastearat  to gun factor and the 20m sprint segment factor.
stage in the race, even though the velocity-digtanc This implies the reaction ability construct appears
distributions are the same for men and women. be based on another perceptual motor ability, which
The findings probably indicate that both men andis independent of actual sprint running ability and
women should train using very similar training must be trained independently from actual sprint
methods to develop the underpinning energyrunning.

systems and biomechanics (force, power, work andt would be of heuristic value to evaluate other
speed) although force, torque, power, power/weightability sprinters, such as sub high performance men
ratios are different and favour male sprinters and women and sports where sprinting up to 100m is
(Heazlewood, 1998: Richmond, 2009). However, important to corroborate or refute the general
Richmond’s research was based on one athlete whemathematical models and factors structures that
describing forces involved in sprinting as compareddescribe high performance sprinters. Most codes of
with the best 59 men and women sprinters in 2009football actually play on fields that are 100m from
The model also indicates that individual sprintersgoal line to goal line.

can be modelled against the World’s best spririters

see how other sprinters of sub high performances. CONCLUSIONS

ability (next level below World Championship

representatives) fit the curve. This level of sgin  Sprinting running ability at the highest level is a
would want to fit the curve as closely as possiblealmost identical construct for both men and women
and training should be directed towards getting thesprinters as they solve the problem of sprinting th
velocity-distance characteristics to match the high100m in competition in an almost identical manner.
performance curves, especially the positive Predictive equations based on linear and non linear
acceleration, maximum sprinting speed and negativeregression methods and factor analytic models using
acceleration components. This is the approachexploratory and confirmatory factor analysis indéca
Valerie Borzov's coach applied back in the late identical problem solving approaches using velocity



distance graphs and times of 20m race segments. In
terms of training both genders should train
essentially using the identical training methodse T
only real difference being women sprinters do not
sprint quite as fast as men. As well, the inforomati
can be applied in other sports where the dimensions
of playing fields in terms of length are 100m or
approximate 100m, such as Rugby League, Rugby
Union, AFL, Touch (70m) and Football.
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Abstract

Neural networks can be applied to many predictiata enining applications due to their power, flekipiand
relatively easy operations. Predictive neural nekaare very useful for applications where the ulyitey
process is complex, such as in classification uaingx of nominal and ratio level variables and foedictive
validity based on classification modelling. A nduretwork can approximate a wide range of stattic
models without requiring the researcher to hypadteeis advance certain relationships between tipedent
and independent variables. Neural networks andidistant function analysis (a more traditional st#tal
approach), based on physiological and biomechaniealsures of karate ability and collected withim #CU
exercise physiology laboratory, were compared Hiere classification accuracy. Twenty four karatdedés
were assessed, 12 were classified as high perfaerathletes with black belt or higher and 12 wéassified
as non-high performance athletes, green belt andrloAbility level served as the classification iadte. The
dependent variables were height, weight, age; nfiatass variables were Margaria power test, stamtbng
jump, isometric grip strength, sit-reach flexihjlitarm crank, peak aerobic power, anaerobic Wingateer
test for peak power, time to peak power, mean pamer power/weight; and Karate specific motor fithes
tests were karate agility, power punch, speed pueelttion time, balance and lower limb bilatelakibility.
ANOVA indicated the general motor fitness constsuzt Margaria power test, sit-reach flexibilitypacrank
and Wingate power test for peak power; and kanpéeiic motor fitness tests for karate agility tgzpwer
punch, speed punch, balance and lower limb bilafer=ibility or lateral split were significantly iferent
(p<0.05 to 0.001). These two data sets were usdbeimultilayer perceptron (MLP) neural networkslan
method enter discriminant function analysis. Tharakenetwork solution based on the training dataasel
testing (holdout) data set classified at 100% amgukarate ability (high and non-high) for the karapecific
tests, as well as general motor fitness tests.rilgtant analysis was marginally less effectiveciassifying
ability level. The karate specific tests produce®®:8% and general motor fithess tests 91.3% cbrrec
classifications, respectively. Neural networks, ciipeally the multilayer perceptron (MLP) networkaere
more effective in predicting group membership ampldyed higher predictive validity when compared t
discriminant analysis.

Keywords Neural networks, multilayer perceptron, multiede classification, talent identification,
classification accuracy
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1. INTRODUCTION determined during the learning process. A type of
neural processing phenomenology in this context.
Neural networks can be applied to many predictiveThe trade-off for this flexibility is that the sypigc
data mining applications due to their power, weights of a neural network are not easily
flexibility and relatively easy operations. Prediet  interpretable. Thus, if you are trying to explaim a
neural networks (Fausett, 1994; SPSS Inc., 2007aynderlying process that produces the relationships
are very useful for applications where the undagyi between the dependent and independent variables, it
process is complex, such as in classification uaing would be better to use a more traditional statistic
mix of nominal and ratio level variables and for model, such as discriminant analysis or logistic
predictive validity based on classification modwili regression. However, if model interpretability istn
A neural network can approximate a wide range ofimportant, you can often obtain good model results
statistical models without requiring the researdber more quickly using a neural network.
hypothesize in advance certain relationships batwee Although neural networks impose minimal demands
the dependent and independent variables. on model structure and assumptions, unlike
Neural networks are the preferred tool for manyinferential statistics, it is useful to understati
predictive data mining applications because ofrthei general neural architecture or neural network
power, flexibility, relevance and ease of use.structure. The multilayer perceptron (MLP) and
Predictive neural networks are particularly uséful radial basis function (RBF) networks are functions
applications where the underlying process isof predictors (also called inputs or independent
complex, especially pattern recognition and variables) that minimize the prediction error of
classification problems that are based on predictiv target variables (also called outputs).
and concurrent validity. Discriminant analysis (or discriminant function
Neural networks used in predictive applications, analysis) based on classification modelling is
such as the multilayer perceptron (MLP) and radialapplied to classify cases into the values of a
basis function (RBF) networks, are supervised @& th categorical dependent variable, usually a dichotomy
sense that themodel-predicted results can be (SPSS Inc., 2007b). In sport this could be males
compared against known values of the targetcompared to females on different motor fitnessstest
variables. These target variables are identifiedaon or different player grades using the same prinsiple
priori criteria by the researcher. If discriminant function analysis is effective farset
The term neural network applies to a loosely relate of data, the classification table of correct and
family of models, characterized by a large parameteincorrect estimates will yield a high percentage
space and flexible structure, descending from etudi correctly classified cases and maybe useful in such
of brain functioning. As the family grew, most bt  processes as sport talent identification, sucim éisa
new models were designed for non biological Olympic sport of karate.
applications, though much of the associatedThe major foci of discriminant analysis (Hair et al

terminology reflects its origin in biology. 2006: Norusis, 1985: StatSoft Inc., 2010) are to:
A neural network is a massively parallel distrittite » Classify cases into groups using a
processor that has a natural propensity for storing discriminant prediction equation.
experiential knowledge and making it available for + Test theory by observing whether cases are
use and is analogous to human brain function. classified correctly as predicted.
Specifically, it resembles the brain in two respect « Investigate differences between or among
« Knowledge is acquired by the network groups.
through a learning process. « Determine the most parsimonious way to
* ‘Interneuron connection’ strengths known distinguish among groups.
as synaptic weights, analogous to human .« Determine the percent of variance in the
synapses, are used to store the knowledge. dependent variable explained by the
A neural network can approximate a wide range of independents.
statistical models without requiring that you « Determine the percent of variance in the
hypothesize in advance certain relationships batwee dependent variable explained by the
the dependent and independent variables, aaion independents over and above the variance
priori model. Instead the form of the relationships is accounted for by controvariables, using

sequential discriminant analysis.
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» Assess the relative importance of the separately and finally merging the two dependent
independent variables in classifying the variable sets, in an attempt to achieve improved

dependent variable. classification accuracy.
« Discard variables which are little related to Means and standard deviations of the significantly
group distinctions. different general motor fithess and karate specific

The aim of this research was to apply both neuralmotor fitness tests were derived based on the
networks and discriminant function analysis (a moreANOVA findings.

traditional statistical approach under the generalNeural network analysis applied the multilayer

linear model) and compare their ability as statti perceptron (MLP) procedure, which produces a
techniques to classify different ability karate gpe ~ predictive model for one or more dependent (target)
(high versus non high performance) correctly, basedvariables based on the values of the predictor
on karate specific and general motor fitness teswvariables.The nominal or classification variable in

using physiological and biomechanical measures. the analysis was once again karate ability level an
in neural network jargon these are defined as the

2. METHODS dependent or target variables. The covariates or
predictor variables (neural network jargon) were th
Twenty four karate athletes, 12 classified as highsignificantly different general motor fitness and
performance athletes with black belt or higher andkarate specific tests as identified by ANOVA
12 classified as non-high performance athletesanalysis. It must be emphasised that the comparison
below green belt, participated in the ethics appdov Of discriminant analysis with neural network
study. The data were collected in an environmentall analysis were based on the identical subsets af dat
controlled exercise physiology laboratory at ACU.  in both analyses.
Ability level served as the dichotomous In the analysis rescaling is applied where scale-
classification variable. The dependent variables independent variables and covariates are rescaled by
both the neural network and discriminant analysesdefault to improve network training. All rescaliigy
represented anthropometric factors, which wereperformed based on the training data, even if a
height (cm), weight (kg), age (years); motor fitmes testing or holdout sample is defined (SPSS Inc.,
variables of Margaria power test (W), standing long2007a). The mean, standard deviation, minimum
jump (cm), isometric grip strength (kg.wt), sitcha Vvalue, or maximum value of a covariate or
flexibility (cm), arm crank (W), peak aerobic power dependent variable is computed using only the
(W), anaerobic Wingate power test for peak powertraining data. The neural network multilayer
(W), time to peak power (s), mean power (W) and perceptron architecture was based on:

power/weight (W/kg). As well, karate specific motor » Selecting one hidden layer where the
fitness tests, as selected by a panel of expetts wi hidden layer contains unobservable
backgrounds in karate and motor fithess assessment, network nodes (units). Each hidden unit is a
were included as dependent variables in the amsalysi function of the weighted sum of the inputs.
These were karate agility (s), ‘power punch’ (kg.wt The function is the activation function, and
and actually measure of force), speed punch (s), the values of the weights are determined by
reaction time (s), balance (s) and lower limb keilat the estimation algorithm.
flexibility or lateral split (cm in seated latersplit). « The selected activation function was the
The ‘power punch’ was actually measured in kg.wt hyperbolic tangent, where the activation
force, but was defined as a power punch by the 6 function links the weighted sums of units in
dan black belt karate expert. a layer to the values of units in the
succeeding layer.
Statistical Analysis * Hyperbolic tangent function has the form
v(c) = tanh¢) = (*-€) / (€°+e™). (1)
An initial two group ANOVA was applied to assess « It takes real-valued arguments and
which general motor fitness and karate specific transforms them to the range (-1, 1). When
variables were most discriminatory at the univariat automatic architecture selection is used in
level. Subsets of these significant variables were SPSS, this is the activation function for all
then included in the discriminant analyses using units in the hidden layers.

general motor fitness and karate specific variables
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The identity function was selected and this furrctio Classification

has the formy(c) = c. It takes real-valued arguments Lsampe _observed Predicted

and returns them unchanged. When automati High _{ Non High [ Percent Correct

architecture selection is used, this is the sedecte|™"" " 10 0 100.0%

activation function for units in the output layer i on Fion ° ° 10008

there are any scale-dependent variablesining the [ o2 —= L0005
esting High 2 0 100.0%

network was based on the batch method. This Non High o . 100.0%

method updates the synaptic weights only after Overall Percent ssanl e 100.0%

passing all training data records, which meanshbatC pependent variable: Participants abiity level.

training uses information from all records in the

training dataset. Batch training is often preferredtaple 1: The Neural Network Solution Based on the
because it directly minimizes the total error asd i Training Data Set and Testing (Holdout) Data Set
most useful for smaller datasets, such as the on€lassified at 100% Accuracy for Karate Ability (Higimd

used in this research. Non High) for the Karate Specific Tests.
Discriminant analysis was based on using the

significantly different general motor fitness arieb t Classification

karate specific motor fitness tests separatelyhen t -ﬂ&l"bse”ed Bredted
analyses by applying the method enter (all varmble ——— High 1 Non High | Percen: Correct
included in the discriminant model and determined|™"™™ ™" ” . e
by the researcher) as compared to stepwise metho O‘:Zrd'lgpemem . 88‘90;:
which is based on statistical criteria to enter the[r .o g L Y 00.0%
model at each calculation step. Ability level was Non High 1 3 75.0%
used as the independent dichotomous variable in th Overall Percent s00%]  c0.0% 80.0%

analysis. The data from both general motor fitness oependent variable: Participants abilty level.

and karate specific tests that were significarthat

ANOVA level of analysis were pooled and then Table 2: The Neural Network Solution Based on the
subjected to discriminant analysis. Relevant fit Training Data Set and Testing (Holdout) Data Set
statistics,  canonical  discriminant  functions, Classified at 88.9% and 80.0% Accuracy Respectivaly f
hierarchy of importance in terms of variables andKarate Ability (High and Non High) for the General
classification tables were generated. Motor Fitness Tests.

3. RESULTS

Synaptic Weight > 0
— Synaplic Weight < 0

ANOVA indicated the general motor fithess
constructs of Margaria power test, sit-reach
flexibility, arm crank and Wingate power test for
peak power were significantly different between the
high and non high ability groups(p<0.05 to 0.001).
Karate specific motor fitness tests that discrirtéda

at the univariate level were karate agility testywpr
punch, speed punch, balance and lower limb
bilateral flexibility and were significantly diffent
(p<0.05 to 0.001). These two data sets were used i

the multilayer perceptron (MLP) neural networks
and method enter discriminant function analysis.

The neural network solution based on the training
data set and testing (holdout) data set class#ted
100% accuracy karate ability (high and non-high) Hidden layer activation function: Hyperbolic tangent

for the karate specific tests for the training and _ Outputlayer actition uncion denity
testing samples (refer to table 1). Figure 1: Diagrammatic representation of neuralvoet

architecture for karate specific tests with onedlbid layer
(hyperbolic tangent).

Karateagi!
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The classification accuracy for the general motorThe predicted by observed chart (figure 2) supports
fithess tests were 88.9% for the training and 80.0%the accuracy of the model. The top left box plot is
for the testing samples respectively (refer todd@tl for the high performers (p=1) and the top right box
Diagrammatic representation of neural networkplot for the non high performers (p=1) and the
architecture for karate specific tests with onedbid  reverse probabilities apply (p=0).
layer using a hyperbolic function and the output The cumulative gains chart shows the percentage of
layer an identity function are represented in feglir the overall number of cases in a given category
“gained” by targeting a percentage of the total

Parameter Estimates number of cases (refer to figure 3).
Predictor Predicted
Hidden Layer 1 Output Layer 100 @ 1.00
Participants Participants ©200
H(1:1) H(1:2) = High = Non High 90%
Input Layer (Bias) 723 -.129 0%
Karateagil -.884 417
Po.punch 1.444 -.549 70% ]
Sp.punch -2.338 1123 0%
Balance 2.069 -.784 -
Latsplit 1.137 -.653 g 50%7
Hidden Layer1  (Bias) 487 518
40%
H(1:1) 982 -975
H(1:2) 502 497 30%
. . 20%]
Table 3: Parameter Estimates for Hidden Layer 1 and
Output Layer for High and Non High Karate Athletes Rl
the Predicted Outcome (Classification). o
0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%

Percentage

Synaptic weights display the coefficient estimates
that indicate the rela_tioryship between the unita in Figure 3: The cumulative gains chart shows incréase
given layer to the units in the following layerf@®  ercentage against gain, indicting 50% results 00%
to table 3). The synaptic weights are based on thgajn.

training sample, even if the active dataset is

partitioned into training, testing and holdout data

The number of synaptic weights can become large 91

with large numbers of variables in the analysis and s

as a consequence these weights are generally ni
used for interpreting network results.

Dependent Variable: Participants

I 1.00 20
1.2 [2.00
E
o] * =
£ ’ 151
E 0.8
=
°
g' 0.6
2
& 0.4 10 T T T T T T T T T
- . 0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%
ﬁ Percentage
E 0.29 Dependent Variable: Participants
N Figure 4: The lift chart displayed is derived freime
0o = cumulative gains chart and the values onythexis
correspond to the ratio of the cumulative gaingfach
o7 curve to the baseline.

T T
1.00 2.00
Participants

For example in figure 3, the point on the curve for

Figure 2: Predicted by observed chart indicatin@%0  the non highperformer category is at 50% on the x-
probability of correct classification for abilitgvel.



202 A Comparison of Classification Accuracy for Karate Ability Using Neural Networks and
Discriminant Function Analysis Based on Physiological and Biomechanical Measures of
Karate Athletes

axis and indicates gain of 100%, meaning that if yo Table 4 and figure 5 indicate the most important
score a dataset with the network and sort all ef th discriminating variables in the neural network
cases by predicted pseudo-probability of non highanalysis are balance and karate speed punch.
performer, you would expect the top 50% to containSimilar analysis using the general motor fithess,da
approximately 100% of all of the cases that acyuall which classified 88.9% correctly from both ability
take the category non higierformers. Once again, groups indicated arm cranking (100% normalized)
indicating the accuracy of the model. and Margaria power test (85.6% normalized and a
The lift chart displayed in figure 4 is derivedfito leg power test) were the most important
the cumulative gains chart and the values onythe discriminators for the general motor fitness tests.
axis correspond to the ratio of the cumulative gainDiscriminant analysis was marginally less effective
for each curve to the baseline. Thus, the lift@%5 in classifying ability level when using the karate
for the category non high performers is 100% gainspecific tests, however slightly more accurate when
and gives the ratio of 100%/50% = 2.0. It providesusing the general motor fitness tests. The general
another way of looking at the information in the motor fitness tests produced 91.3% (Wilks’ Lambda
cumulative gains chart and minimal lift occurs = .425, p=.003) and karate specific tests produced
beyond 50% (refer to constant negative slope from95.8% (Wilks’ Lambda = .362, p<.001) correct
50% to 100% on lift graph). The cumulative gains classifications, respectively. The means and stahda
and lift charts are derived from the combined deviations for sit and reach flexibility, arm crank
training and testing samples. Table 4 indicates theVNingate peak power and Margaria power test are
importance and normalized importance of thedisplayed in table 5 and high performance athletes
variables in the neural network analysis. display higher scores than the non high performance

Independent Variable Importance athletes on all tests.

Variables

Normalized Mean __Std. Deviation |
High Sit-Reach (cm) 38.16 8.93
Importance Importance (1=12) Arm Crank (W) 230 034
Karateagil 122 39.6% Wing. Peak (W) 1092 119.54
Margaria (W) 919.7 134.50
Po.punch 148 47.8% Non  Sit-Reach (cm) 29.18 11.23
Sp.punch .267 86.4% High  Arm Crank (W) 206.64 18.30
Balance 309 100.0% (n=11)  Wing. Peak (W) 976.18 125.59
Margaria (W) 748.9 167.14

Latsplit .154 49.8%

Table 5: Means and Standard Deviations for High and
Novice Karate Athletes Based on Significantly Diéfet
General Motor Fitness Variables (p<0.05 to 0.001).

Table 4: Displays Independent Variable Importanu a
Normalized Values.

Normalized Importance
0% 20I% ADI% GOI% 80I% 10:3% F u n Ctlo n
Variables
Balance~| 1
Sit-Reach (cm) .041
' Arm Crank (W) .047
Latsplit] Wlng Peak (W) .000
Margaria (W) .004
" (Constant) -15.525
— Table 6: Canonical Discriminant Function Coefficients
with Unstandardized Coefficients to Derive Equation

0.0 01 02 03

Table 6 displays the unstandardised canonical
discriminant function coefficients and table 7 the
classification function coefficients for the highda

Importance

Figure 5: Normalized importance as a histogram.
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novice groups enabling the derivation of the Variables
discriminant function scores for both groups. Mear | Std. Deviatiol
High Agility (s) 7.52 2.37
ici Power (k 71.1¢ 7.21
Variables Participants S°Wec'j( 9 N X 1’
eed (s SN .
High Non High peed (
Balance (s) 3.46 1.32
Sit-Reach (cm) 206 115 Latsplit (cm) 40.50 7.6¢
Arm Crank (W) 1.056 .951 Non  Agility (s) 9.85 2.54
Wing. Peak (W) 022 021 High  Power (ko) 6350 923
. Speed (s) .53 .18
Margaria (W) .045 .035
Balance (s) 1.65 .68
(Constant) -158.826]  -124.452) Latsplit (cm) 2791 o1
Table 7: Classification Function Coefficients for Eac
Ability Group with Fisher's Linear Discriminant Table 9: Means and Standard Deviations for High and
Functions. Novice Karate Athletes Based on Significantly Diéfet

Karate Specific Fitness Variables (p<0.05 to 0.001)
Table 8 indicates the accuracy of classificatiosella

on general motor fitness constructs. In this model Functi
91.3 % of both ability groups were classified Variable unclion
correctly. In this context the classification was 1
marginally better (2.4%) than the neural network N
solution. Agility (s) -.122
Power (kg) .011
Participants Predicted Group Membership Speed (S) -3.375
High Novice Total
Original Count High 12 0 12 Balance (S) 439
Novice 2 9 11 Latsplit (cm) .055
% High 100.0 .0 100.0]
_ (Constant) -1.252
Novice 18.2 81.8| 100.0|

Table 10: Canonical Discriminant Function Coefficient
Table 8: Classification Results where 91.3% of Odgin With Unstandardized Coefficients to Derive Equation
Grouped Cases Correctly Classified.

Participants

The means and standard deviations for the karafl Variable
agility test, power punch, speed punch, balance an High Non High
lower limb bilateral flexibility or lateral split ra N
displayed in table 9. One again, the scores afeehig |Adility (5) 1.306 1616
for the high performance athletes when compared t§ Power (kg) 1.093 1.064
non high performance athletes. The timed scores (@

. Speed 25.986 34.559]
karate agility and speed punch tests (referredsto 3 peed (s)
speed in the tables 9, 10 and 11) reflect thatedo | Balance (s) 827 -.289
score is equated with higher ability on these tests || atspiit (cm) 381 242
faster speed means lower score.
Table 10 displays the unstandardised canonicd{Sonstant -57.938] 54 758]

discriminant function coefficients and table 11 the Table 11: Classification Function Coefficients forcka
classification function coefficients for the highca ﬁg!%ﬁgup with Fisher's Linear Discriminant
non high groups, which enable the derivation ef th '

discriminant function scores for each ability group %’able 12 indicates the accuracy of classification

ased on karate specific motor fithess constructs.
The classification accuracy was 95.8% (Wilks’
Lambda = .362, p<.001) correct classifications.

The values in table 11 represent unstandardize
classification coefficients.
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Participants | _Predicted Group Membership constructs can be trained, such as karate agility,
High Non High Total power punch, speed punch, dynamic balance and
original  Count High T L o | lower limb bilateral flexibility or lateral splitwhich
Non 1 1 12| are thought to be sport specific. Many of the
% High 1000 ol  1000] @anthropometric, general and some of the sports
Non 03 o7l 1000] Specific tests did not provide discriminant or
a. 95.8% of original grouped cases correctly classified. prediCtive Valldlty! SUCh as anthropometrics Of

height, weight, age; general motor fitness of
Table 12: Classification Results where 95.8% of @afji  standing long jump, isometric grip strength, peak
Grouped Cases Correctly Classified. aerobic power, anaerobic Wingate power for time to

o i ) peak power and power/weight; and Karate specific
The discriminant analysis performed marginally motor fitness test of reaction time. These non

lower (4.2%) than the neural network solution using giscriminating tests based on this research should

the same subset of variables, however it should b opaply not be included within tests attempting to
noted that the differences between the twoigentify karate ability in adult males. It is impant

approaches were not that different. to emphasise that both groups in the study were
mature males with no significant differences for
4. DISCUSSION height, weight and age and so developmental

B ) maturation factors can be discounted.
Neural networks, specifically the multilayer

perceptron (MLP) networks, were more effective ing  coNCLUSION
predicting group membership and displayed higher

predictive validity when compared to discriminant kg ate specific tests using classification and
analysis for the karate specific tests consistifig 0 predictive validity methods, such as multilayer
karate agility test, power punch, speed punch,perceptron neural networks and discriminant
balance and lower limb bilateral flexibility or éaal  f,nction analysis, both provided accurate
split. However, the discriminant function analysis ;|assification of high and non high performance
using the general motor fitness tests of Margariayrgte ability groups. However, the multilayer
power test, sit-reach flexibility, arm crgnk and perceptron neural network method performed
Wingate power test for peak power marginally out marginally better than discriminant function aniys

performed the neural network approach. Thisgang provides a model for talent ID in karate.
presents some what contradictory findings. If the

outcomes of this research are utilised in talemAcknowIedgements

identification, using karate specific tests would \ye wish to thank the karate participants in the
provide marginally better classification outcomes. gyqy.

This argument was supported by the karate expert

used in this research to design the karate specifigeferences

tests, who believed these types of specific testaysett, L. (1994)Fundamentals of neural networks:
should provide a greater differentiation or Architectures, algorithms and applicationsUpper
discrimination between karate athletes of different Saddle River NJ: Prentice Hall.

abilities as an outcome of karate specific trainimng

as a natural propensity for the sport_ Norusis, M. (1985).Advanced statistics guide: SPSSX

The surprising finding was the general motor figles ~ Chicago, IL: SPSS Inc.

f:t?hgsii rlgt ;hes rgzi(?ie(l:rctf; ;ismolsr]t Ft)r?igorcmoﬁ?ezs tvr\ingSS Inc. (2007apPSS statistics base user’s guide 17.0.
_p ) . Users Guide. Chicago, IL: SPSS Inc.

general motor fitness tests, especially arm crank

power (arm power test) and Wingate power test forspss inc. (2007b).SPSS Neural NetworR$ 17.0

peak power (leg power test) may in fact be testing Chicago, IL: SPSS Inc.

some underlying power constructs that were also

measured to some degree by the karate specific testStatSoft, Inc. (2010Electronic statistics textbooRulsa,

In terms of training imp|ications the findings may OK: StatSoft. WEB: http://www.statsoft.com/textbook/

also provide direction as to what sports specific
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Abstract

Mathematical modelling has been used in many sgorggedict game winners based on past performances
This has been done for individual as well as tegorts. There is also the possibility of determining
probabilistic expectations for results of match&s.an alternative to examining this construct frgame
result data, this paper examines prospects for pustictions based on execution of game based takiks.
This methodology is directed towards selecting rangle sport and investigating solving the probigin
predicting the outcome of individual elements af tompetitive match. The possibility of doing tkia the
probabilities of successful play execution, by #acking side, is examined. The ability of the aeli@ag team

to execute the appropriate strategy for defenadsis examined. This rudimentary theoretical modehien
used to investigate the associative nature of woppirobabilities involving matches between diffearlmams

in the example sport. These probabilities are shimre non-associative, therefore in some exangdesthe
use of predictions based on game dependant tatitsevahown to be superior for individual matchgiction
than those probabilities derived from results aftgeerformances. There are also implications ferstinucture

of tournaments from the results of this paper.

Keywords: Mathematical model, match analysis, performamediption, touch football

1. INTRODUCTION than available attackers. Therefore the option for
This is a hypothetical exploration of the possibili defensive structure most usually selected is tyfgica
of investigating attacking and defending options fo the one that is hardest for the attackers to erecut
different teams within a sport and evaluating teetb and defenders must take note of the weaknesses of
options for these teams. Certainly attempting tothe attacking side in designing their strategies.
divulge the probable outcome of a sports match oVarious types of defence present different
ranking teams by looking at offensive and defensiveopportunities for an attacking side to score ifythe
abilities of a team has been considered as a viablaave the personnel to successfully select and &xecu
avenue to pursue (recently, for example Govanthe available option. For example a “man on man”
Langville, & Meyer, 2009). Similarly the potential defence does not adjust for the fact that one ef th
for prediction via examination of a team’s abiltty = defenders is offside as this defender effected the
execute certain relevant skills has also beentouch on the person performing the rollball (theé ac
preliminarily investigated (for example Zetou, of bringing the ball into play, following a touch o
Moustakidis, Tsigilis, & Komninakidou, 2007, in change of possession). (For further clarification o
volleyball). this and other touch football terminology, the mad

In touch football most defensive structures will be is referred to two compatible publications, namely
forced to give an attacking option to the offensive playing rules from Touch Football Australia, 2007
side due to there being less onside defensive rdaye and Federation International Touch Inc., 2003.xThi
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presents opportunities for the attacking playeris clear from the literature on the design of
assigned to this defender to score. In this sitnati tournaments that a major goal for the organisets is
given that these two players are of similar agétind ~ maximise total effort of all participants by dedigm

no mistakes are made by the attacking team, a contest that will engineer appropriate results as
touchdown should be scored. Several variations ofwell as the potential to achieve sufficient rectigni
defence are therefore initiated. These optionsidel according to the achievement obtained. This
some variation, either instantaneous or delayed, ofecognition and reward are the performance
compressing the defence around the ruck (the areancentives necessary for maximising participant
between the attacking player performing the rollbal effort. A relevant example of this would be
and the half (the player who is to take possessfon Ehrenberg & Bognanno, 1990. In this paper on PGA
the ball, behind the player who performs the golfers, it was found that the athletes responded
rollball)) to force passing plays. Some variatimis more optimally when the level and structure of
this involve leaving certain players unmarked. An tournament prizes was enhanced. Simildbcker
example of this would be leaving a player unmarked,& Huselid, 1992 found that driver performance in
such that an attacking player not known for his/herracing increased under similar conditions.
passing game would have the option to create dncidentally in this latter case however driveresgf
scoring play if they could execute a long (e.g. 25-also decreased. It is also evident that when this
30m) pass to an eligible wing (those two players inrecognition was accompanied by participant
the team positioned closest to either sideline)uncertainty as to whether it would be correctly
receiver using their non-dominant hand. For thisassigned, the quality of an athlete’'s performance
particular player, this would be an unlikely optimn  would be reduced. Certainly there is an equivalency
be executed successfully and hence a wise selectioim the work rate shown in many fields, such as for
of defensive structure. Similar to this exampler¢ghe example workplace labour when rewards are
are numerous other defensive options that attempt tattributed to effort and the enhanced performarice o
capitalise on the strengths and weaknesses ofugrio athletes at tournaments. Many of the purely
attacking teams, both focused on individual playerstheoretical models of both economic labour and
within a team and according to how the playerswork input and athletic tournaments are therefore
coordinate their strengths and weaknesses within @&terchangeable Green and Stokey 1983)This
team structure. At a district, state or national would best be seen by examining some of the many
representational level, these strengths andwell established foundation papers within this area
weaknesses of opponents will usually be well knownsuch aslLazear and Rosen (1981), Nalebuff and
by the coaching staff of the defending team. Stiglitz  (1983) and O’'Keeffe, Viscusi, and
A few additional terms that will be mentioned Zeckhauser (1984).

include line attack, which will refer to a statepddy In addition to increasing performance, it is alt&ac

in which the attacking team has gained sufficientthat sometimes incentives can cause teams to
territory that they are close enough to the opptmen deliberately lose games. Studies suchTaglor &

line in order to launch a successful attack on theTrogdon, 2002 indicate that when incentives are
following play. Second phase play is used to reder present to lose, teams are more likely to do so. In
an attacking play conducted immediately after anthis particular paper, evidence implied that NBA
unsuccessful attack with the purpose of scoring dugeam performance responded to changes in the
to defensive disarray caused by the previous attackunderlying tournament structure to adapt to the rul
The author has also submitted another paper (Walstghanges allowing preferential choice of draft picks
2010) to this conference and more extensivefor losing teams.

definition of these terms is available in this pape

Markov States for touch football. This paper is an2. METHODS

extension of the Markov states paper, focusing onlLet us start by considering the simplest modelafor
one particular set of states. sport such as touch football

Another consideration that will be relevant to this Consider two hypothetical teams, Team A and Team
paper is the importance placed on achieving aB. Team A has 4 set attacking plays designated as
second or third placed position within a contegt. A A,, Ba, Ca, and D, respectively (with the subscript
least since Galton 1902, much scientific literature denoting the play) in this example we are usingrA o
has been published on tournaments. Following fromD for denoting an attacking or a defending play, A
this paper, it has been clearly established thetteth B,, Ca, and D are the probability that the play will

is an expectation of recognition for other teana th be executed as intended by the attacking team. Team
achieve victory, not just the team that comes.fitst B has a set defensive policy with probabilities, A



Walsh, J. 207

Bp, Cp, and [y of successfully defending moveg,A  stages within an attack or defence can be easily
Ba, Ca, and D, respectively. We can therefore write measured using game video data, the pressure a team

this as: places on another team and how it affects the
Team A (A, Ba, Ca, Da) probability of executing an attack is difficult to
Team B (A, Bp, Co, Dp) measure purely from game data. It could be

For example: considered that the distance of defending players
Team A (0.8, 0.6, 0.3, 0.2) from attackers and their approach
Team B (0.95, 0.85, 0.1, 0.2) velocities/accelerations could be extrapolated in

So here Team B adopts a defensive structure, whiclorder to develop a play pressure function. Thidatou
gives Team A the option of scoring via move ér then be incorporated as an additional factor affgct
Ap, but defending moves A and A more execution of a particular attacking move. This vaoul
effectively (e.g. A and A are quick release plays be different for different teams as some teams @oul
focusing attack on the central area of the field,absorb this pressure poorly and the probability of
whilst Ac and A, focus attack towards the sidelines successful score would decrease. Additionally ather
with for example a long pass). would absorb it well, or at a higher level use the
In order to model this situation, assume that iifie  momentum of the defenders to contribute to the
B executes defence correctly, with the probabditie successful execution of the first and/or secondgha
show above, Team A will not score from this execution of their scoring strategy. This could be
particular play. In order to score it is required the = examined via analysis of the success ratio of set
defence to be unsuccessful at blocking all optionsmoves and if this success was dependant on the
for this particular attack and given that this eltta distance of the defending players from the attacker
would be presented with an opportunity to score,Hypothetically this would be an interesting optton
that Team A successfully executes the appropriateexamine. However, consider this case for teams with
option for this particular play. To re-iterate,arder  a good level of experience where there is enough
to score a touchdown, Team A must execute argame data to be of use to the coaching team. n thi
attack correctly, given that B does not defend itcase, if there was enough data to extrapolate a
successfully. displacement function, the condition would be most
We must therefore consider the probability thatlikely purely academic. This is because most teams
Team A executes their attack correctly and Team Bat this level would place pressure on the oppasitio
fails to defend this. Therefore firstly consider on all plays and all plays would be executed under
whether A and B can be considered as independerdefensive pressure. It would be most likely that
events. They may well not be so. Certainly it idlwe without any pressure from the defensive structitre,
known in sport that a defence that exerts a great d would become very easy to execute most moves and
of pressure on an attacking team may change (moghis fact would be well known to the higher level
likely reduce) successful execution of a move. Thisperformer. For the lower to intermediate level tsam
could be incorporated into the probabilities of the with poor technical skills and limited technical
defence successfully stopping the attack, as aoaching the pressure would fluctuate with each
probability of either directly stopping the move or defensive action. Excluding defensive mistakes
applying pressure which results in its failed (which would be represented by the defenders
execution. However some teams may respond to thifailing to execute the correct defence respongeeas
pressure better than others so if probabilisticthe previously mentioned probability functions)aat
descriptors are to be designed for incorporatida in higher level all defences would place pressurehen t
team statistics then this is best done as a conmpone opposition for the key attacking players and plays
of the attacking team statistics. There is thewould therefore be executed under pressure. The
possibility for development of a factor that degree of pressure would be therefore factored into
represents pressure. If the defensive team casuccessful defensive probabilities as all attacking
pressurise the attacking team it could beand defending teams at a high level would be used t
incorporated into model design such that it will applying pressure and operating under pressure, so
activate a pressure function built into the attaske this could be fairly assumed at all plays. There ar
probability of success. This could vary across 'gam some plays which (such as players that are to throw
for some teams reducing the chance of successfuh long pass standing deeper and thus further from
execution of a move, while for other teams it would advancing defenders or giving the ball to an
have little or no effect. This however is very hémd intermediate, unpressured player that is situatedl i
quantify. Whilst the average defending and attagkin preferential isolated position to allow undisturbed
probabilities, or even the time taken to executeexecution of the pass) are designed to reduce
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pressure on the key players at the key points én th defensive team are making available to the offensiv
play. This bonus would however already be side, this is because these moves are those wiech t
represented in probabilities for correct executidn offensive team is least capable of executing
the particular play as it would be a higher value successfully, however due to the defensive stractur
anyway, as it would already be accounting for thepresented, they become the most beneficial attgckin
fact that this helped for a given team’s executtbn options for scoring. Extrapolating this concept, if
this play. Importantly some moves are bestsufficient data on defending or attacking teanTsois
conducted when the defenders are very close to thavailable then a probability could be estimatedrfro
attackers in order to reduce the opportunitiegier  successful execution of a particular class of
defence to accurately read the play. Thereforeofise defensive or attacking strategy.

a displacement from opposition based pressureConsider now offensive and defensive line attack
function would not be appropriate for all plays and profiles for Teams A and B

at this stage in model development it is best tkema Team A

an approximation. This approximation would be that Attack profile (0.8, 0.6, 0.3, 0.2)

at high level of performance, attacking players are Defence profile (0.8, 0.6, 0.3, 0.2)
used to being pressurised by defence. The defence Team B

pressurises attacking teams according to their Attack profile (0.95, 0.85, 0.1, 0.2)
defensive probability functions and therefore Defence profile (0.95, 0.85, 0.1, 0.2)

independency within probability functions can be We already have calculated P(Team A scoring
assumed to exist between attack and defencagainst Team B), we now have P(Team B scoring
probability functions, but overall probability of against Team A) for the various scoring options
scoring is dependant on both of these functionsavailable

therefore implying that this latter probability has = (0.9(0.2), 0.85(0.4), 0.3(0.7), 0.1(0.8))

degree of independence. =(0.18, 0.34, 0.21, 0.08)

If Team B’s defence and Team A’s attacking While this hypothetical data is just for successful
probabilities, as expressed above, are independent execution of line attack/line defence, it can bense
then: that per attack executed, the best attacking option

for Team B, when playing against Team A are
options B, C, A, D in that order. Different attacgi
SRRl options work well against different defensive
altacking play patterns and rely on the attacking team being t&ble
adapt to the scoring opportunities presented by a
particular defensive structure.
Touchdown scored It can be clearly seen that different line attaaks
optimal for different teams and when facing
different defensive structures. For example Team B
may have not employed a man on man defence in
order to provide opportunities for Team A to score
with a long pass, whilst Team C may structure their
defence in a manner that requires Team A to attempt
to use their agility in order to score, by adoptang
man on man defensive structure with profile:
Team C (0.6,0.5, 0.8, 0.7)

Figure 1: Defensive and Offensive probabilitiesdar
attack by Team A against Team B

ANB = P(A)(1-P(B))

Let us now use Teams A and B from our previous
example. The chances of scoring on any set play for
set plays A-N are given as follows:
e & e e st P A o or eam &
. P(A scoring against C) = (0.8(0.4), 0.6(0.5),
(P(AW(L-P(By), P(Ac)(1-P(By)), P(AS)(L- (# Scoring against €) = {0.8(0.4). 0.6(0.5)
0.3(0.2), 0.2(0.3))
P(Bo)).--.., P(AN(L-P(BY) =(0.32, 0.3, 0.06, 0.06)

This would imply that moves A and B are the
attacking options with the higher probabilities af
successful score. This differs from those that khou
be employed against Team B due to the alternative
defensive structure.

A factor of interest is to consider whether thema c
exist teams D, E and F such that

P(D scoring against E)> P(E scoring against D)

Giving for our example two teams:
(0.8(0.05), 0.6(0.15), 0.3(0.9), 0.2(0.8))

Which equates to:

(0.04, 0.09, 0.27, 0.16)
This implies that the coaching staff are best to
employ moves C and D against this particular
defence. These are also the attacking optionghbat



And
P(E scoring against F)>P(F scoring against E)
But
P(D scoring against F)<P(F scoring against D)
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teams. So for example for teams D and E, if P(D
scoring against E)> P(E scoring against D)

Then Either BE(l'éD)<(XD(1"YE)>(XE(1"YD)

And Be(1-06p)<Po(1-6e)>0e(1-yp)

Let us however once again return to the situation

Let us now define the parameters that govern thevhere the offensive team have chosen the correct

probabilities that these teams will successfullgrec
or defend a given play. Clearly it is easier to

attacking option. Consider the following situation:
a andp are two types of attacking play focusing on

engineer such a situation with more attacking playsexploiting different kinds of defence. Usually ther

and their corresponding probabilities for defence

will be significant difference in the ability of a

available to choose from for each team. However wedefensive team to defend against each of these
will consider if this is possible for a situatioritivas  attacks as there will be a different focus on both
few as two attacking plays and their correspondingplays and they will be designed to exploit very
defence for each team. Let Team N have attackinglifferent defensive shortcomings. Let us assume

playsoy andpy and defensive structure such that the
probabilities of stopping these two plays ageand

that:
Team D can successfully execute an attacking glay

dn respectively. We can therefore express each tearnwith a higher probability than plg3

as a 1x4 probability matrix such that

Team N is given byof, Bn, Yn, On) giving
us

Team D @o, Bo, Yo, Op)
Team E ¢, Be, v, O5)
and

Team F §r, Br. v 55)

Given the assumption that the correct tactical

approach is chosen by the coaching staff/players

with regard to the attacking play selected against
particular defence (which is a reasonable assumptio
given at a high level, coaches are well aware ef th

Team D can defend attacking pl@ywith higher
probability than attacking play.

Team E can successfully execute an attacking [play
with a higher probability than play.

Team E can defend attacking pl@ywith higher
probability than attacking play.

Team F can successfully execute an attacking gplay
with a higher probability than plg3

Team F can defend attacking playwith higher
probability than attacking pla.

If the teams are described by the following matrice
Team D €, Bo, Yo, 9p)

Team E g, Be, Y&, 8)

and

Team F &, Br, r, 5F)

strengths, weaknesses and methodologies of their

opposition):

If P(D scoring against E)> P(E scoring against D)
Then Either BE(l'SD)<(ID(1'YE)>(1E(1'YD)
Or Be(1-06p)<Po(1-6e)>0e(1-yp)

If P(E scoring against F)> P(F scoring against E)
Then Either Bp(l'éE)<(lE(l"‘{|:)>U.|:(1"‘{E)
Or Br(1-0g)<Pe(1-0F)>ar(1-ye)

Similarly if P(F scoring against D)> P(D scoring
against F)
Then Either BD(l'SF)<(X|:(1'YD)>(1D(1'YF)
Or Bo(1-0¢)<Pr(1-0p)>an(1-yF)

Of course if we cannot assume that the correct

attacking play is chosen against a particular defen
then for one of these teams to have the bettercehan

First we can consider the following example of such
a situation:
Team D (0.6, 0.5, 0.5, 0.6)
Team E (0.5, 0.6, 0.5, 0.6)
and
Team F (0.6, 0.5, 0.7, 0.4)
If P(D scoring against E)> P(E scoring against D)
Then Either BE(l'éD)<aD(lJYE)>aE(1JYD)

Or Be(1-0p)<Po(1-0g)>ae(1-yp)
So

Either  0.6(0.4)<0.6(0.5)>0.5(0.5)

Or 0.6(0.4)<0.5(0.4)>0.5(0.5)
Giving

Either 0.24<0.3>0.25

Or 0.24<0.2>0.25

The first condition being met, implying that by
selecting the correct approach, P(D scoring against

of scoring than its opposition obviously we need to E)> P(E scoring against D).

change the conditional nature of these equatioms to
situation where both conditions apply for eachadet

Similarly if P(E scoring against F)> P(F scoring
against E)
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Then Either  0.5(0.4)<0.5(0.3)>0.6(0.5) teams D and E. A real world example of this would

Or 0.5(0.4)<0.6(0.7)>0.6(0.5)  be the situation where Team D has an exceptional,
The second condition being met, implying that by highly agile team or player able to execute a vgrie
selecting the correct approach, P(E scoring againsbf stepping, or diving plays relying on the superio

F)> P(F scoring against E). agility of their players. Team E meanwhile might

Similarly if P(F scoring against D)> P(D scoring have a player or players that are less agile, but

against F) highly proficient in a long range passing game.
Then Either 0.5(0.4)<0.6(0.5)>0.6(0.3) Team F might have players able to execute attacking
Or 0.5(0.4)<0.5(0.4)>0.6(0.3)  players with less proficiency than the other two

The first condition being met, implying that by teams but might able to use both styles in their
selecting the correct approach, P(F scoring againsattack. Therefore we have:

D)> P(D scoring against F). If we model these three Team F (n+0.A, n+0.5\, n+A, n)

teams as having an equal ability to gain sufficientIf P(E scoring against F)> P(F scoring against E)
field position in order to structure an attackirigyp Then Either

then all teams have an equal probability of making (n+0.A)(1-(n))< (n+A)(1-n) > (n+0.3\) (1-
given number of scoring attacks. Therefore if artea (n+A))

has a higher probability of scoring once it is list Or

attacking position it will also have a higher (n+0.A)(1-(N)<(n)(1-(nA))>(n+0.A)(1-
probability of winning the game. Since P(D scoring (n+A))

against E)> P(E scoring against D), P(E scoringClearly via inspection, the conditions in the filise
against F)> P(F scoring against E) but P(F scoringare met, but the conditions in the second linenate
against D)> P(D scoring against F) the probabdity Therefore P(E scoring against F)> P(F scoring
one team beating another at a sport with similay pl against E) and assuming other variables governing
structure to that discussed in this paper haslibes  the performance of the two teams are comparable,
shown to not be of an associative nature. Team E should win this encounter.

Assuming the teams are similar in ability with thei However these conditions are not met for Team D.
more successful offensive and defensive optiondn fact, examining this relationship

having probability nA, and their less favoured IF P(F scoring against D)> P(D scoring against F)

options having probability n, where 0<n<Agn, Either (nA)(1-(n+A)) < (n+0.3)(1-(n)) >
0<A>1 and n+2<l, then we can consider this n(1-n)
algebraically. Clearly If Team D has an attacking Or (n+A)(1-(n+A)) < (n+0.3) (1-(n+A)) >
option for which Team E's defence does not n(1-n)

optimally defend, but for Team E's favoured Then from the first of these two equations, Team F
attacking option Team D can more optimally defend,should have the higher probability of scoring,

Team D would stand more likelihood of prevailing provided A> 0.5 -1.5n. This can be displayed

in this encounter. For this situation the matricesgraphically as per Figure 2.

become: Consider Team G (n, n, nA2 n). Clearly via
Team D (nA, n, n, n#) inspection P(F scoring against G)> P(G scoring
Team E (n, nA, n, n4A\) against F). Additionally (E scoring against G) (&P

scoring against E) also by inspection. For (D sapri
If P(D scoring against E)> P(E scoring against D)  against G) > P(G scoring against D)

Then Either Then Either
(n+A)(1-(n+A))< (n+A) (1-n) >n(1-n) n(1-(n+A))< (n+A) (1-(n+24) >n(1-n)
Or (n#A)(1-(n+A))< (n) (1-(n+A) >n(1-n) Or n(1-(n®A))< (n) (1-(n)) >n(1-n)

Clearly by inspection, given the parameters The success probabilities of D’s attacks are tloeeef
confining the values of the variables, the first of (n+A) (1-(n+2A) and n(1-n). While for G these are
these equations is correct, whilst the second ts non(1-(n+A)) and n(1-n).

valid. This therefore confirms the previous Clearly (nA) (1-(n+2A) >n(1-(n4A))< n(1-n)
observation with regard to these two teams. Therefore if (nA) (1-(n+2A)< n(1-n) D has greater
We can then consider a Team F for which theprobability of attack success. Which is so if
favoured defensive option is the opposite focus, bu3n+2A>1. If 3n+2A=1, the two teams attacks having
of similar standard to teams D and E, however theequal chance of success, whilst if 3a«2, Team G
attacking structure is less specialised, meanings more likely to prevail in this contest.

players can execute a range of different attackingexpanding this model it can be shown that given
options, though none as well as the more spedilisen+I'A<1 andI'>0, any team (n, n, A, n), will be
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defeated by teams E and F.TH(1-n)/( A+n) this  position where they can set up an attempt to line
team will have an attack as effective as Team A’sattack, something the other team is trying to stop
best attack and the teams (within the confineisft them from doing. For an effective model of a game
limited model) can be considered equivalent. If of touch football we need to consider the different
however,I' is less than this value Team A has the phases of the game and the transition between the
most effective attacking option andlif is greater different phases. This however must be developed in
than this value, Team A has a less effective option steps and this paper is focused on the initiatibn o
to select in attack than the primary option of this model development with room for future expansion.
other hypothetical team. This examination of one component of the sport of
i touch football needs to be further examined and
05 | modelled within the context of models representing
o the other game elements. Once this is done this
A b3 b model needs to be examined with respect to real
game data. If the non-associative nature of this
relationship is found to be statistically signifita
then this will have implications for this categas/
A e i o i sport. Provided this significance can be extrajgolat
— to the probabilities of winning/losing a game (&fg.
Figure 2: Area indicating Team F’s probabilities of the teams were equal in other parameters), these the
scoring. The coloured area meats0.5 -1.5n and implications would include tournament design,
n+2A<1 for 0<n<1, 0 A<0.5. particularly with relevance to the finals structufe
tournaments. An example of this would be coaching
decisions with regard to purposefully losing games,
- or failing to win games by a given margin in ortter
iz change tournament finals placing and receive a more
or probabilistically favourable pathway to the final.
8 Certainly the potential for purposefully losing gesn
is not a new concept. We have already seen one
0 03 us o o8 . example of this in the NBA, where there is a
R, prospect to gain higher honours and greater renown
Figure3: Graph of probabilities between Team D and  at a later stage, it is clear that purposefullyirigs
Team G. Coloured area indicates region for which games is a path that could feasibly be taken byesom
3n+2A<1 and n+2<1 for 0<n<1, 0 A<0.5. teams. This sort of ethical choice would be shown t
be necessary if this non-associative nature of
winning probabilities was found to be of
performance significant. Of course this would be in
the context of sheer mathematical probabilities of
winning result, without consideration of moral and
psychological issues. It must also be remembered
that whilst recognition and reward are known to
enhance the effort from competitors, it is alscacle
that uncertainty as to whether this recognitionl wil
correctly be given reduces this effort. A team may
be playing in a tournament where they could be
eliminated by a generally less effective team, but
with a structure that is more effective in this
particular situation. According to the literaturget

three dimensional surface satisfies the condifie(l-n)/( possibility and uncertainty generated by this would

A+n), a requirement for the hypothetical team define therefor_e . redupe effort from competitors,
using parametef, to have a more effective attacking ~ Undermining a primary goal of tournaments.
option than any of team A’s options. The implications of this study can be applied to

4. DISCUSSION other sports with similar strategies, which defend
Just because a team is better at line attack/defencone or two particular attacking options specifigall

than another team, it does not mean that theyhare t at the expense of others. The relevance of this wil
better team. The teams must also drive the balleo therefore vary from sport to sport, however in

*

[

Figure 4: Graph af=(1-n)/(A+n), the area below this
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certain sports, such as for example gridiron andbeing of different standard is an important issoe t
touch football team defences will adopt certain consider. This may well in fact be an important
formations which present a favourable attackingconsideration not just for touch football, but
option, which is tailored to the relative strengémel  additionally for other similar invasion type games
weaknesses of the two teams. Often as indicated isuch as gridiron and rugby league.

the introduction the strengths and weaknesses of a
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Abstract

The International Sports Shooting Federation (IS8B)ld Cup Series for air pistol consists of foueets
each year. Each event comprises two stages: talifging rounds and a final round for the top digh
competitors. This paper considers best predi¢tiegputcome of both qualifying and final roundstighout
the event, as well as how this information cantilessed to develop a guide for shooters wantingriprove
their standing during competition. Due to theaddififig scoring methods used during an event a tagesk
approach was required and a variety of methodsraukls examined to best evaluate this, includinyiphe:
and logistic regression, discriminant analysis sintllation. The 2005-2008 World Cup Series resoltie
Women’s 10m Air Pistol were used with a simulatét@rived from distribution and probabilities detemer
to be the most appropriate and accurate methodedigtion. This was confirmed in practice usingadiaom
a single World Cup competition held in 2009.

Keywords: simulation, modeling, shooting, prediction

1. INTRODUCTION The International Shooting Sport Federation (ISSF)

has existed in one form or another since 1907 and i
With its beginnings in war, hunting and archeryg th now the preeminent governing body for several
first known competitive shooting event occurred in shooting disciplines. In 1986 the ISSF initiateé th
Bavaria late in the I5Century. A painting from World Cup series in response to a request from the
Switzerland from the early ¥6Century depicts a International Olympic Committee for a qualification
rife match reminiscent of modern setups, andsystem. World Cup performances can be
wooden targets from the same era are somewhaicknowledged as world records.
common in German collections.

Competition ranges from Olympic Games and
Since its inception in 1896, the modern Olympic World Cups, held in Europe, North and South
games has hosted shooting events utilising bo#h liv America, Asia and Australia, through to regional
and static targets. Although few women participated contests, with numerous events in shotgun, rifigé an
competition was technically mixed gender. In the pistol. The number of competitors can vary greatly
1970s a female competitor was awarded the silvepossibly due to the depth of competition level,
medal for a rifle event. In 1984 several women’slocation and timing, and has observed to be
events were introduced, however it was not unél th anywhere between 40 and 140 participants.
early 1990s that mixed gender competition wasThe women’'s 10m air pistol begins with four
abandoned completely. The 10 metre Women’s Airqualifying rounds consisting of 10 shots each.
Pistol, the subject of this research, was introduce Interestingly, each shot score is rounded dowihéo t
the Olympic agenda in Seoul in 1988. nearest whole number (i.e. using a floor function),

resulting in a maximal single shot score of 10,
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maximal round score of 100, and maximal The qualification stage (for our purposes, stage) on

qualifying score of 400. of the tournament consists of four rounds of ten
shots. Let us denote the score at roiufuat playerk

Upon completion of qualifying rounds, the top eight asR, which is the sum of each shot at ghot

competitors advance to the final, with a shoot-off denoteds , rounded using the floor function as in

adopted in the case of a tie for eighth placeis &t (1) below

this point that the scoring method is unique. 8sor 10

are cumulative throughout the tournament and each Ry= Z\_Sj,kj (1)

shot during the final is scored to one decimal @lac j=L

resulting in a maximum final round score of 108.(i. whered<s; , <109,i D{ 12,3.4},

ten shots of score 10.9) yielding a total potential ’

event score of 509.0. The competitor with the c|]=maxn0z,n<d}.

highest total is awarded gold, next silver andcthir The cumulative qualifying score at rountbr player

bronze with competition often incredibly close. One K is given byQ;« which is given as

observed event concluded in a tie breaking shobt-ou i

with the gold medal decided by only 1mm. Q= z Rk (2)

m=1

A computerised target system is utilised for sagrin wherei O {1234}.

feeding back results at the conclusion of each

qualifying round and after each final round shot, The use of the floor function in scoring has a lvear

typically on a monitor. Strict rules apply in rétm  on (2) especially for shooters that are shooting

to timing between shots. scores ‘close to the integer’. For instance, suppos
shooterA scores {9.2, 9.3, 9.2, 9.4, 9.8, 9.6, 8.8, 8.9,

Forecasting the results of competitive sporting10.1, 9.9} which sums to 94.2 and receiRes=89.

events is a much-considered topic in literature; This exhibits no difference to a shooBescoring

however it is ratings models that prove popular in{9.6, 9.5, 9.9, 9.8, 9.5, 9.9, 8.9, 8.9, 10.5, A8jich

this regard. Most models utilise the past sums 96.4 yet also receivRg =89.

performance of the relevant individual or team. A

noteworthy exception is the method formulated by The finals stage (for our purposes stage two ondou

Duckworth and Lewis (1998). Used to reset targetsfive) consists of ten shots measured to the single

in interrupted cricket matches, it is a method decimal level. To make this stage shooters must

formulated from past scores and suitable for use amake it into the top eight at rouiw4, with tie-

the different stages of play for any teams. breaking procedures used if there is equality in
scores for eighth.

Specific papers on the prediction of sports shgotin

and multi-staged approaches were not found.Scores from (2) are added to the ten final shots to

Utilising a complete set of data from the women’s form the grand totalG; with ranks deciding the
10m Air Pistol World Cup events for the years 2005- final order, so
2008 (excluding World Cup Finals), we aim to

i
construct a dynamic in-competition method of Gix =Lis) Dzsj,k +Quy ()
predicting the outcome of both the qualifying and =1

final rounds for all competitors. where0<s; | < 109,i 0 {0...10} and 4 is the

2. METHODS indicator function taking value 1 whéis true.

As a precursor to the approaches taken, we need to The distribution of the data in the qualifying raisn
consider the nature of shooting data utilised is th IS left-skewed, which is to be expected given the

research. nature of the sport (predominately good shots, very
few poor and excellent). In the data for the
2.1.The data qualifying rounds, a score of 100 occurs only

(approximately) 0.2% of the time, a score of 99
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occurs only 1.1% of the time; and 98 around 4% of
the time (see Table 1).

Score R; R, R; R4 Total
Frequency

98 59 53 42 53 207
99 13 21 15 6 55
100 1 2 2 3 8

% Frequency
98 45% 4.0% 3.2% 4.0% 4.0%
99 1.0% 16% 1.1% 05% 1.1%
100 01% 02% 02% 0.2% 0.2%

performed on the bands to determine the likelihood
of falling in one of the three bands for edgh. So
essentially, we are determining the conditional
probability of Q, MQ and DNQ given the current
round score.

Similarly, categorising the data was necessary in
stage two, however due to the more precise nafure o
the scoring, a different approach was required.
Banding was again determined by the final outcome,
in this case medal and no medal, however counts
were performed on the shots observed within each

Table 1: Frequency and Percentage Frequency of togumulative rank rather thanscore. This approach

three round scores

However we found that in the finals round the data
was roughly symmetrical; part of this is due to the

was imperative due to the dependent nature of final
stage score on qualifying as seen in (3). Bandge wer
divided into medal §I) and no medal NM) as

defined previously in the paper. Probabilities can

fact that each shot is now measured and recorded toagain be calculated using these figures.

one decimal place (which allows for wider
dispersion). Another explanation could be that
players may 'give up' when out of medal contention.

So, given that there are differing stages, and
different scoring systems within, a two-stage model
was required to predict qualification and finals
place. The how is now for discussion.
2.2.Preliminary Analysis

Prior to arriving at the appropriate method, a etgri

2.4.Data smoothing

Once the bands were determined and probabilities
calculated, a degree of noise was found. Sargeht an
Bedford (2009) demonstrated that application of a
non-linear smoother to AFL data improved
forecasting by removing noise. Here several
smoothing methods are applied to both the
qualifying and final round data. Initially, stagee
probabilities were interpolated if there was a need
account for any as yet unobserved scores. Follpwin

of models were explored, including multiple and this, a Tukey T4253H smoother was imposed on the

logistic regression; and discriminant analysis. transition probabilities for both stage one and two

Whilst some interesting results were observed ethesdata (see Figure 1). Tukey (1971) offers a diverse

were determined to be inappropriate given themix of nonlinear smoothers using running medians

dependant nature of the data. Ultimately it waswith which to remove unwanted noise from data

decided that a simulation model derived from thesets. A comprehensive discussion on the use of

distribution of probabilities of all past scoreather ~ median smoothers is given in Sargent and Bedford

than grouped past performances of an individual,(2009). As an example of the need to utilise the

was the most applicable method for investigation. T4253H smoother, Table 2 provides the values and
effect of the smoother as applied to the round 1

2.3.Probabilities and the Model probabilities for ban@.

To calculate the probability of the available As seen for a score of 99, thR(Q| Rix = 99) <

outcomes for any given round scdReit was first P(Q| Ry« = 98) due to sample variation. This is was

necessary to categorise the data into bands. [Eor thseen as an unlikely outcome, given tﬁ@| Rik =

first stage this was determined by mapping thd tota100) = 1, thus the smoother was used. For notdtiona

qualifying round score (i.eQ,) over three bands, purposes, we denote the smoothed probabilities as

namely scorealways observed qualifying at the end P*.

of round 4 Q), scoressometimes observed (maybe)

qualifying at the end of round MQ) and scores

never observed (do not) qualifying at the end of

round 4 DNQ). Following this, counts are
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R P(Q| R) P* (Q| Ry) The same process was used for each shot in tHe fina
91 0 0 round, however scores were replaced with ranks.
92 0.01 0 The bands were divided into medaW)( and no
93 0.00 0.01 medal \M). Table 3 provides the smoothed values
94 0.03 0.04 for ranks at the end of round 1. Again, for notadib
95 0.08 0.07 purposes, we denote the smoothed probabilities as
96 0.12 0.11 P*.
97 0.13 0.16
98  0.29 0.25 rank(s) P*(M|s) P*(NM|s)
99 0.23 0.49 1 0.75 0.25
100 1 0.87 2 0.70 0.30
3 0.58 0.42
4 0.39 0.61
Table 2: Round 1 scores banded by the chance of 5 0.22 0.78
qualifying Q) at the end of Round 4; raw and 6 0.13 0.87
smoothed likelihoods. 7 0.11 0.89
8 0.11 0.89
A similar process was applied to date for the final Table 3: Post final round shot 1 scores bandedhéy t
round. However, due to the variability i, chance of medal and non med#, (NM); raw and

attempting to band based on this measure yielded@moothed likelihoods.
farcical scenarios.
2.5. Probability distributions
Suppose that in tournament 1, the gold medal score
was 493.1. In tournament 2, I8t = 370 for the top We define the process results detailed in 2.4 as
qualifier. Based orQ, in tournament 2 it would be follows.
impossible to reach the gold medal score of
tournament 1. Thus prediction of a medal based orL_et
entering score in poorer tournaments may Yield Q =P*(z|R, =X) (4)
predictions outside of reasonable bounds.

Specifically, it would predict that no one wouldrwi where zD{Q,MQ,DNQ},xD{Q...AO(} and

a medal! : " _
Q,denotes the adjusted probability of qualify,
maybe qualify or do not qualify for any playlerat
round i where the round scor&® is value x.

Band data by DetermineP(Q | R); Standardise Apply T4253H
into Q, MQ, » P(MQ|R); probabilities smoothertoall Ly | o
DNQ P(DNQ|R). / interpolate probabilities. i
7}
if i<3 then
i=i+1 else |¢
Stage 2
Band data b .| DetermineP(M|s); | Apply T4253H smoother
into M,NM "I P(NM | 9). | to all probabilities. > W
4
if i<9 theni=i+1 else

end. <

«

Figure 1: Flowchart of the smoothing process taibtlassification likelihoods.
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Let us also denote p* (zlrank(GO,k) = x): W, =
z
Y. =P*(z|rank(G; ;) =X 5
i ( | ( |,k) ) ( ) M NM
where zD{M,NM},xD{l...S} and WYis the 1074 026
adjusted probability of medal or no medal for any 2| 061 039
playerk at roundi where the cumulative scof& is 3| 043 057
rankgq X. The a_lbove set of probab!lities yield quasi- 4l 026 074
transition matrices used in the simulation at eachx
stage of the tournament. For example,ifef, 5/ 017 083
6| 015 085
P*(zIRy =x)=0Q; = 7| 015 085
z 8\ 015 085
Q MQ DNQ
0( 0 0 1 so a player ranked sixth to eighth at the end of
qualifying won a medal 15% of the time.
90| O 0 1 So a complete tournament consists of a qualificatio
91l 0 002 098 stage {Ql,QZ,Qs} and finals stage
92| 0 006 094 {WO,Wl,lPZ,...,Wg}. These transitions alone do not
93| 001 012 087 offer any solution as such; they are simply the

likelihood at stagé to either qualify or win a medal.

x 94004 019 077 However, coupled with both actual and forecast

95| 007 025 068 scores, we can determine an approximate final
96| 011 031 058 qualifying score and rank and if in the top eight,
medal position at any stage. Let us now set up this

97| 016 035 049
98| 027 037 036
99| 049 034 017 2.6. Simulation ofR andg,k
100 074 026 O

process.

The ability to forecast the likelihood of qualifgn
o and medalling, required extensive distribution.fits
so a player at score 90 or lower always fits ifi® t \whjlst we first had estimates of conditional

DNQ band of shooters and a player at score 96 has Brobabilities of both qualifying (Q )and
11% chance of being @, 31% ofMQ and 58% of :

DNQ. If a player falls into thdNQ band this does medalling¥;), we then needed to fit the
not imply that the player will not qualify, rathtitat ~ distribution of scores for the corresponding
this shot at this stage typically came from a playe predicted states on actual data. That is, we tised u
that DNQ. This logic will be visited in the next the banded scores at each round to determine the
section. distribution of shots at stageThis was fundamental
to realistically simulating tournaments. For exagpl
In similar vein for shot =0 (i.e. before the first shot  if a player shoots a round 1 score of 93, they fave
of the finals round) 12% chance oMQ. So, given this information, what
is the distribution of shots for all players at mnoul
given that are in the stak#Q? Players that shot a 93
may well go on to shoot a 100, others maybe a 90,
however all players in this range have a distrituti
of shots. For this we utilised the @Risk package,
and found all scores for shots fired within eachda
followed the binomial distribution.
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So our final model consisted of distribution fitsr f
each qualification typeQ, MQ andDNQ) and each
stageR, wheni = 2,3 and 4; and distribution fits for
two finals outcomeNl, NM) of rank(G;,) for each
stage = 0,..,9 in the finals. So, let

><Qi,m - B(ni,mv pi,m) (6)
be the distribution of shots for the qualification
rounds,R wheni = 2,3 and 4 and playéris in state
mO{Q,MQ,DNQ}. Also, let

XI:i,m - B(ni,m’ pi,m) (7)
be the distribution of shots for the finals rounds,
when i 0,...,9 and playerk is in state
mD{M,NM}. This feeds into the final simulation

model, with the process detailed in Figure 2.

3. RESULTS

To begin testing of the simulation, we simulated a
hypothetical tournament 10,000 times. We set th
tournament length t& = 56 competitors. As a way

of validating the simulation, we investigated the
distribution of scores throughout the tournamemg; t

type of competitor that wins a medal; and the ssore
by final rank. Given this was a hypothetical
tournament, the first round was also simulated
something which is of no use in practice.

Stage 1: Qualifying Simulation Set Up

€

To determine the likelihood of competitors winning
a medal, we split the first round shots from e>amil

to good, i.e., from around 99 to 90. The rank & th
competitors after round 1 was matched against all
subsequent results. NotabB(Gold) Orank(R,),
with

P(Gold [rank(R;) =1) = 013

P(Gold |rank(R;) =2) = 0.10and

P(Gold | rank(R;) =3) = 008

All competitors had won the gold at least once,
indicating that it is at least possible to shoot th
poorestR; score and still win a gold medal. Whilst
in many sports this is unlikely, shooting is diffat

in that a comeback (and indeed failure) is still
possible with three rounds remaining.

Figure 3 below displays the likelihood of gold by
rank in round 1. We also exhibit the distributioh o
finalists by round 1 rank using boxplots in figute
Notably, the dispersion for the IQR is tighter the
gold, and wider as the rank declines.

In figure 5, we plot the distribution of all scorfs

the medallists. The output reveals an expected
outcome, with the mean score for a gold medal at
491.2, silver at 489.1 and bronze 487.7.

. Generate . .
i=1 M k=l oy U1 if Yik< Qi g €ls€ }’ i Yik< Qifyei g + Qe 2]
) + else
i=i+1 R+1DXQ,Q * ¢
T & R+ UXQmeo R UXQ pno
if i<5 else if k<nthenk=k+1
stage 2 V\ else < v |
Stage 2: Finals Stage Simulation
i=0 > if Yk < LH[X:M] else };
7 Sk U XF v
Sk UXF v
v
if i<9 else if k<8 thenk=k+1
end sim. v\ else

Figure 2: Flowchart of the simulation.
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GOLD by Round 1 Rank First, we input allR;x scores then simulated 20,000
2 — - - times to determine probability of medals, and top

b eight finish. We then re-simulated each stage, re-
o2 entering results as if live.

0.10

m— GOLD: / Tracker

0.08 Vomn 10 Table 4 exhibits the predicted mean round score for
0.06 Yo 102510 the top ranked position, and the eighth ranked
004 wem position. Arguably it is the likely eighth that msost

0.02 |||"|"" informative, as this provides an estimate of therec

oo L { "l”"||'||l"'------;----- - - needed to qualify for the finals. After the second
) - ° ° N ” ° round of shooting, the simulation estimated the
Figure 3. Round 1 rank by P(Gold). actual result and did not deviate from this predict

after the third round.

GOLD to 8th by Rank Round 1 PredictedR, atend  Actual

0 a5 Position R, R, R; R,

» 1 302 390 388 390

25 g" 385 384 384 384

iu—. . Table 4: Predicted and actual results: Munich 09
10

5 5%

Using Table 4, we inspected the scores of all
competitors and ascertained the required scores for
round 4 for all competitors (shown in Table 5).
Notably, two competitors needed ‘easy’ rounds of at
) ) . least 93 (65.2% of all shots at this point were 3+9
Figure 4. Boxplots of final position by round 1 kan 5. competitor needed a 94 and shot a 92 to miss
out. No competitor requiring 98 or more qualified.

4th
Sth
6th
Tth
Bth

GOLD: | Tracker

SILVER: [ Tracker
BRONZE: [ Tracker

GOLD: Scoreto Q Freq # qualify
— GOLD:

>100 66 0

M\mrn.m 4.33.5:2)39
o012 Vo i 100 2 0
0010 e 99 5 0
0.008 == SILVER: 98 4 0
e 97 S 1
. ”;L e 96 9 3

W 5922 / 10000
0002 E?mf 7 95 3 2
0000 == BRONZE: 94 1 0
2 B Voo 2 93 2 2

Mazn 4876840

Table 5: Final round shots by estimated score df 38
Figure 5. Distribution of scores for medals.

The middle 90% of data for gold spans 488 to 494.6At the end of round 3, there were 15 competitors

and contains 74.5% of silver. Only 0.2% of silver ‘qualified” due to a large number tied for severh.

competitor qualified with a final round of 97.

As a test case, we used the 2009 Munich World Cup. )

In this event, we had a interesting scenario whereb Finally, we looked at the predicted medal score at
one competitor shot an R1 of 100, yet did not dyali each point _throughout _the tournament. Again, the
for the finals. This meant the simulation would Pronze estimate provides a reasonable medal
certainly be tested in terms of prediction ability, €Stimate, and was typically —underestimated
given this unusual outcome. throughout the tournament.
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The implemented simulation would need to be
leaner, and the simulation can be cut down through
the removal of multiple distribution simulations.
Estimating effect size also remains important-we
would like to know what it takes to win a gold méda
i — with greater certainty.
182 A set back might be that there is no dependency in
480 shooting form; a ratings model might assist in
R1 R2 R3 (?g“ F1 F2 F3 F4 F5 F6 F7 F8 F9 improving prediCtiOI‘l aCCUraCy.
' The trial of the work with competitors is planned.
The psychological aspect of such predictions ie als
Figure 6: Predicted medal scores by Rounds very important. The knowledge of
underperformance may have a negative rather than
Interestingly, the medal was decided by the last.sh positive effect. This is an investigation of itsmw
Xin Tong (479.3) took the lead for the first time
from Olena Kostevych (479.0) after the ninth simoti 5. CONCLUSION
the final. Olena went into the final round with age
five point lead, however shot several poor shots. O We have demonstrated the constraints and
the final shot, Xin shot her worst for the final%as8, challenges faced in simulating a shooting

Predicted Medal Score

494
492
490
488

—+—Gold (489.4) —m—Silver (488.6) Bronze (487.3)

and Olena shot an impressive 10.4 to take gold. tournament. The framework provided, whilst
requiring further testing, is certainly capable of
4. DISCUSSION running live. We aim to further determine the

specifics of winning medals and making the
The simulation time is of great importance given qualification stages therein.
that the in-game use of the results. The simulation
run time varied markedly by the number of ACKNOWLEDGEMENTS
competitors, given that for each competitor we had
to simulate 22 distributions of data. The authors would like to thank Nick Sanders of the
For the Munich simulation, 20,000 simulations for Victorian Institute of Sport and Jan Ketzel of the
91 players took around 20 minutes. As live data wadnternational Shooting Sport Federation for the
added, the simulation run marginally faster, dua to provision of data used in this analysis.
reduced load on simulated data. For example, at
20,000 simulations wheR, was unknown, runtime References

was around 10 minutes. Plans are underway to

improve the runtime. Duckworth, F. C. and Lewis, A. J. (1998). A fair imed
for resetting the target in one-day cricket matchles

n Oper. Res. Soc., 49, 220-227.

The usefulness of the simulation becomes appare
P argent, J. and Bedford, A. (2009). Improving Al&r

when competitors need to know how they are Football League player performance forecasts using

perfqr_mlng, and_ particularly, an estimate O_f optimized nonlinear smoothingnternational Journal of
qualification requirements (or medals). As seen in Forecasting, 17, 30-36.

the example given for Munich 2009, the score Tukey, J.W. (1971)Exploratory Data Analysis. Addison-
required to qualify for the finals converged tottha Wesley, Reading.
observed by the end of round 2. This could simply

be converted into an array of values needed fdn eac

competitor.

Estimating the required number of iterations is

important. For this work, we simply ran 20,000

simulations, however utilising convergence of the

estimates for the medals may shorten the number of

simulations. Furthermore, we did not validate the

bounds of error, and this will required more

simulation work.
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Abstract

Tennis is typically modeled using two parametess,thbe probability player A wins a point on hisvéeg, and
pb, the probability B wins a point on service (€arnd Crews, 1974; Pollard, 1983). Sports whemarsgis
an advantage (e.g. tennis) or a disadvantage \eligyball), are called ‘bipoints’ (Miles, 1984),hereas
sports where serving is ‘neutral’ (e.g. squash) aaiéed ‘unipoints’. Although our primary interest this
research is related to tennis, the results ardcaiphe to many sports, particularly ‘racquet fansports’.

For many tennis matches the proportion of points Wwg each player on service is recorded. As thengrin
must have won the last point, last game and ldastlee winner’s service statistics can have an ugsvaias,
and the loser’s service statistics a downwards Weaddress several questions. For example, ime gset,
and match, what are the typical sizes of theseebfadVhat is the size of the negative correlatiaméen
player A’s proportion of points won on serve, atalypr B's? How does nesting (points within gamesngs
within sets, and sets within the match) affecthies? In volleyball for example where serving isgrlly a
disadvantage rather than an advantage as in tafogs,the bias operate in a ‘reverse manner’ toig@nThe
commonly used sports scoring systems,.Band W, (n = 2), are studied. How does the bias in thgstems
change as n increases? Some of the examples ipaper might be of particular interest to teactard
students of probability and statistics.

Keywords Bias, tennis, squash, volleyball, best of 2n-drisg, win-by-two scoring, teaching
probability and correlation/dependence, gamblingpart

1. INTRODUCTION the B, system, the convolution of such systems,
the W, system, a single advantage game of tennis,

For many years tennis has been modelled using twand a ‘nested’ system.

parameters, pa, the probability player A wins anpoi In the next two subsections of the Methods section,

on service, and pb, the probability player B wins awe consider the situation in which a player's

point on service (Carter & Crews, 1974, and Pollard probability of winning a point does depend on

1983). Thus, games such as tennis and volleybalivhether he is serving or not. This is the bipoints

involving two types of points are called bipoints case. In particular, we consides @83), B, (Bs) and

games, whilst games requiring only one type ofa (modified) tiebreak game.

point for accurate modelling, such as squash

(Pollard, 1985), are called unipoints games (Miles,In the last three subsections of the Methods sectio

1984). Although our primary interest in this woek i several practical bipoints cases are considered...a

related to tennis, many of the results are applicab single set of tennis, best-of-three sets of terams]

to the scoring systems used in other sportsbest-of-five sets of tennis.

particularly those in the ‘racquet family of sparts

In the first five subsections of the Methods settio

we consider various unipoints scoring systems. For

these systems the outcome of a point does not

depend on who is serving. In particular we consider
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2. METHODS E(Prop) p=06 p=07 p=03
B3 0.616 0.728 0.272
Unipoints: Thebiasin By Bs 0.6189 0.7316 0.2684
We consider unipoints within the best-of-2n-1 psint 27 8-2123 8;;33 8'3?%
i = 9 . . .
(B scoring system (n = 2, 3, 4, ...). Player A has Bo 06173 07257 02743

a probability p of winning each point, and points a
independent. We start with a simple example. When

n = 2, A can win or lose in 2 or 3 points, and the o : : :
proportion of points he wins in one play ot B For By the probability A wins by n points to i

equal to 2/2, 2/3, 1/3 or 0/2 with probabiliieg p POIMtS: P(), and the probability A loses n/i , Jgre

2p%q, 2pd and G, where q = 1 - p. The expected P (i) =" Cp'g andQ(i) =" Co"p',

value of the proportion of points won by A ig,B (i = 0, 1, .., n-1). Thus, an expression for E(Brop
E(Prop), is equal to the above proportions weightedcan be derived. For p = 0.6, the bias has its
by their respective probabilities. As shown in Eabl maximum value for B(which is just the no ad game
1, when p = 0 6, E(Prop) = 0.616, so the biasi® th in tennis). For p = 0.7, the bias has its maximom f
case when using Prop to estimate p is equal tc60.01 Bs. Note that as n tends to infinity, the bias tends to

Table 1: E(Prop) for B.1 (unipoints)

Some comments for&n = 2) and p = 0.6 are zero, and the bias is negative when p < 0.5.

1. P(2 points are played) = 0.36 + 0.16 = 0.52, and

P(3 points are played) = 0.288 + 0.192 = 0.48. Unipoints: Thebiasin several By, , systems

2. E(Number of points) = 2*0.52 + 3*0 48 = 2.48.  For two Bis and p = 0.6, E(Prop) = 0.6081, a bias of
3. P(A wins given 2 points) = 0.36/0.52 = 9/13. 0.0081, approximately half the bias of 0.016 for a
4. P(A wins given 3 points) = 0.288/0.48 = 0.6. single B. For three Bs and p = 0.6 E(Prop) =
5. The better player has a higher probability of 0.6053, a bias of approximately one-third of 0.016.
winning when the match is shorter. Thus, the biases in a full set of tennis resulfiogn

6. Given 2 points are played, E(Prop)(2/2)*0.36  the biases within each player's service games are
+ (0/2)*0.16)/0.52 = 9/13 = 0.6923. reduced considerably from the single-game biases.
7. Given 3 points are played, E(Prop) = ((2/3)*®28

+(1/3)*0.192)/0.48 = 8/15 = 0.5333. Unipoints: Biasin the win-by-n points system, W,

8. The expected proportion of points won by theIn an advantage game of tennis, the win-by-two or
better player is higher when the match is shorter. W, system is used to determine the winner of the
9. Proportion of points won by the winner = (2/2)* game if the game score reaches deuce. Fothe/
0.52 + (2/3)*0.48 = 0.84. probability A wins by (i+2) points to i, P(i), artle

10. Proportion of points won by the loser = 0.16. probability A loses by (i+2) to i, Q(i), are givéry

11. If A wins, E(Prop) = ((2/2)*0.36 + (2/3)*0.288) B — i N2 B — i 42
/(0.36+0.288) = 0.851851. P(I) = (2pa)' p” andQ(1) = (2pq) .q ’

12. If B wins, E(Prop won by B) = ((2/2)*0.16 (i=0,1, 2, ..), and so an expression for E(Prop)

+(2/3)*0.192)/(0.16+0.192) =0.818818. can be written down. For p = 0.6, E(Prop) = 0.6362
13. P(A wins) = 0.648, and P(B wins) = 0.352. (Table 2), a bias of 0.0362 which is greater the t

14. E(Prop points won by winner) = 0.648*0.851851 for Bs. The bias increases as n increases, and then
+0.352*0.818818 = 0.84, as in 9 above. decreasesVhen p = 0.7, the bias is greatest fog. W

15. If X, = # points played and»& # points won by Clearly, the bias in \Wconverges to zero (n large).

A (when p=0.6), then, P2, Xo= 0) = 0.16, E(X)

P(A wins), p = E(Prop), = P(A wins), p = E(Prop), =
= 2.48, E(%) = 1.488, E(*X,) = 3.744, cov(X, o6 " PT Ge P T gg v r it 50 P
X,) = 0.5376, and the corrgXX,) = 0.1425 > 0. 5 07714 06502 05270 071721
16. If Y, = proportion of points won by A when 4 08351 0.6549 0.9674 0.7709
5 0.883 0.6554 0.9857 0.7646

p=0.6, cov(X, Y,) = -0.03968. When estimating p,
we are interested in using,.YBut E(Y,) = (E(Xy) -
cov(Xy, Yo))/E(Xy). That is, E(Y¥) is not equal 1o ynipoints: Biasin an advantage game of tennis
E(X2)/E(Xy) as the relevant covariance is not zero. gqor an advantage game of tennis, when p = 0.6,
E(Prop) = 0.6264, a bias of 0.0264, bigger than the
bias in any B,; when p = 0.6. E(Prop) = 0.7391
when p = 0.7, and when p = 0.5, E(Prop) = 0.5.

Table 2: Values for \Wscoring system (unipoints)
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Unipoints: Biasin a nested scoring system, B3(Bs)
We can consider #B3;) using first principles, but it
is perhaps a little easier using probability getiega
functions. Let X = the number of points won by A,
Y, = the number of points played, and Z an
indicator variable that equals 1 if player A wiile t
first B; ‘game’ played. Then, the probability
generating function (PGF) for (XY, Z;) (with
respective variables (s, t, u) is

F(st,u) =t*(q° L+ 2pst) + up’s® (1+ 2qt))

If these variables for the second; Blayed are
denoted by (% Y,, Z,), then the PGF for the sums
(X1 + Xo, Y1 + Yy, Zy + 7o) is given by the square of
the above PGF, and this is equal to

t(q"@+2psy” +u’p's’ 1+ 2q1)°)
+2uq?® p°s’ (L+ 2 pst)(1 + 2gst)t*

Bipoints: Biasin two B,,(B3) systems

(i) Consider B(Bz) with A serving in the first
‘game’ ( a B game), and B serving in the second
‘game’. E(Prop A), the expected proportion of psint
won by player A on service, and E(Prop B) are the
same as above (as each player serves exactly once).

P(A wins)
0.25
0.2281
0.2760

P(B wins)
0.25
0.2281
0.1400

P(Draw)
0.5
0.5438
0.5841

(pa, pb)
(0.5,0.5)
(0.6, 0.6)
(0.7, 0.6)
(0.6,0.7)  0.1400 0.2760 0.5841 0.616
(0.3,04)  0.1400 0.2760 0.5841 0.272

E(Prop A) E{PB)

0.5 0.5
0.616
0.728

0.616
0.616
0.728
0.384

Table 3: Some characteristics of the systefBE

(i) Consider B(Bs) with A serving first with
probability pa of winning each point, and B serires
the second game {Bwith probability pb. A serves
3rd and B 4th, if necessary. The ‘set’ is won by th
first player to win 3 ‘games’, or the set is draatr?-

where these three terms refer respectively to A2. Each ‘inner nest’ can result in 4 outcomes...A
losing, A winning and A drawing a B3 nested wins in 2 points, A wins in 3 points, A loses in 3
match. In order to get the relevant PGF for winning points or A loses in 2 points. Thus, A can win the
a By(B3) match, it is necessary to multiply the draw match in 3 games (AAA) in 8 ways (keeping track
component by a win component for the third B of number of points played in the first, second and
game. Thus, the PGF for the case where A wins thé¢hird games). He can win each of the ways BAAA,

B3(B3) match can be shown to equal the product of
(t*p's* + 29°p’*s*t® + 49°p°st’) and

1+ 4qt +497t?) .

Noting the coefficients of &t! in this expression for
this case where A wins the ;3 match, the
proportion of points won by player A

equals 4/4 with probability*dhere i = 4 and j = 4),
equals 4/6 with probability 2g?, (i = 4, j = 6),
equals 5/7 with probability 4g?,

equals 4/5 with probability 4,

equals 4/7 with probability &g°,

equals 5/8 with probability 16¢°,

equals 4/6 with probability 4g7,

equals 4/8 with probability 8q’, and

equals 5/9 with probability 18¢* (i=5 and j = 9).

The above analysis can be repeated for the case

where A loses ERBj), giving 9 corresponding
expressions. E(Prop) for this;®3) match is equal

to the sum of these 18 values weighted by their

respective probabilities, and equals 0.6225 when p
0.6 (verified by first principles)Note that this bias
is greater than that of B for any n (when p = 0.6),
and certainly greater than one with a similar
expected duration. Nesting has increased bias here.

ABAA and AABA in 16 ways, etc. Thus, A can win
in 56 ways, and he can lose is 56 ways and there ar
96 draw possibilities. We have the following result
(&) When pa = pb = 0.5, P(A wins) = P(A loses) =
0.3125, P( Draw) 0.375. Denoting the
proportion of points won by player A on service
by Prop A, correspondingly for B, E(Prop A) =
E(Prop B) = 0.5.

If pa = pb = 0.6, P(A wins) = P(A loses) =
0.3001, P(Draw) = 0.3998. E(Prop A) =0.6081
(see above), and E(Prop B) = 0.5863. The result
AAA (with only one service break) is more
likely to occur than the result BBB with two
service breaks. In the first case AAA, B never
gets the chance to improve his service
proportion having lost his first serve, and hence
his lower proportion of points won on serve.

If pa pb = 0.4 (as in ‘volleyball’ where
serving is a disadvantage), P(A wins) = P(A
loses) = 0.3001, P(Draw) = 0.3998 (as in (b)
above), E(Prop A) = 0.3919 and E(Prop B) =
0.4137 (each can be obtained by subtracting the
relevant numbers in (b) from unity). The result
AAA is now less likely than the result BBB. In
the second case BBB, player B, having ‘broken
the odds’ and held service in the second game,
does not have to risk lowering his service
proportion with a second service game.

(b)

()
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(d) If pa = 0.7 and pb = 0.6, P(A wins) = 0.3985, (h) If pa = 0.6 and pb = 1.0, P(A wins) = 0.0, P(A

(e)

(®)

(@

P(A loses) = 0.1831, P(Draw) = 0.4184, E(Prop
A) =0.7144, and E(Prop B) = 0.5647. The result

AAA is more likely to occur than the result (i)

BBB. Given AAA, player B never gets the
chance to improve his service proportion having
lost his first serve.

If pa = 0.6 and pb = 0.7, P(A loses) = 0.3985

loses) = 0.5801, P(Draw) = 0.4199, E(Prop A) =
0.6081 as earlier and E(Prop B) = 1.0.

If pa = 1.0 and pb = 0.6, P(A wins) = 0.5801,

P(A loses) = 0.0, P(Draw) = 0.4199, E(Prop A)

= 1.0, and E(Prop B) = 0.5311, a negative bias
for the second server in this tennis context (pa,
pb > 0.5).

(see (d) above), P(A wins) = 0.1831, P(Draw) = Concluding, the interdependency of E(Prop A) and
0.4184. E(Prop A) =0.6081 as earlier (as A E(Prop B) can be quite complex as it depends on
always has 2 serves), and E(Prop B) = 0.6995who is the first server, who is the better playsard
The difference between this example and (d) isthe size and sign of the difference pa — pb.

striking. The bias for the second server is again

negative (-0.0005), in this ‘tennis context’ Bipoints: Thebiasin thetiebreak game

(where pa > 0.5 and pb > 0.5).

The joint distribution of (Prop A, Prop B) for the

If pa = 0.6 and pb = 0.0, P(A wins) = 0.8761, tiebreak game is outlined. Consider, for simplicity
P(A loses) = 0.0, P(Draw) = 0.1239, E(Prop A) the tiebreak with the modification of a draw at.6-6

= 0.6081 as earlier, and E(Prop B) = 0.0.

Suppose A serves first, and the outcome is A wins 7

If pa = 0.0 and pb = 0.6, P(A wins) = 0.0, P(A 3. The last point (10th) was a b-point lost by Btljw
loses) = 0.8761, P(Draw) = 0.1239, E(Prop A) = probability gb). The first 9 points were 5 a-points
0.0, and interestingly E(Prop B) = 0.6929. Thus, and 4 b-points. A won 6 of these 9 points (i.e. \#on
unlike above, the bias is strongly positive for a-points and 4 b-points, or 3 a-points and 3 b4{goin
this second server. Hence, this is consideredor 4 and 2, or 5 and 1). Correspondingly, the p#ir
more closely. BBB occurs with probability variables (Prop A, Prop B) were (2/5, 0/5), (3/5,
0.648, and B’s expected proportion of points 1/5), (4/5, 2/5) and (5/5, 3/5), after includingeth
won on service given BBB is 0.851851 (see 10th point. The probabilities of these four outceme
earlier). BABB and BABA contribute to E(Prop are PC,paqa’)(gqb®)(gb), fCspaqe’)(“Cpbab)(qb),

B) , and have values (i.e. corresponding to 0.648°C,pa'qa)(‘Cpb’qb’)(gb), and (p3(*‘Cspb’gb)(gb).
and 0.851851) of (0.2281 and 0.510101) andThe (Prop A, Prop B) distribution can be derived.

(01239 and  0.198347)

respectively. Observations from Table 4 include

Considering BABB, there are 2 ways the first (a) Prop A and Prop B are negatively correlated.

service game of B could have occurred (loss in
2 points or loss in 3) and there are 2 ways the
second service game of B could have occurred
(win in 2 points, or win in 3). Thus, there are 4

ways the two service games of B could have

occurred, with associated proportion of points (b)

won on service and probabilities given by (2/4
and 0.16*0.36), (2/5 and 0.16*0.288), (3/5 and
0.192*0.36), and (3/6 and 0.192*0.288). These
4 have a total probability of 0.2281, and a

contribution to E(Prop B) of 0.1164. (0.1164 is (c)

more exactly 0.116352, and 0.2281 is more
exactly 0.228096, so the ratio 0.1164 divided by
0.2281 is more exactly 0.510101.) The draw
BABA is now considered in detail. It has a
probability of 0.1239 and contributes
0.0.024576 to E(Prop B). The ratio (0.0.024576)
/(0.123904) is equal to 0.198347). Adding all
the contributions to E(Prop B), we have
0.648*0.851851 + 0.116352 + 0.024576 =
0.6929, as above.

The ‘stopping rule’ for this modified tiebreak
game (B12) often stops play when one player is
by chance doing ordinarily or relatively well,
and the other player is doing ordinarily or not
doing so well (Rows 2, 3).

In the tennis context (ie. pa > 0.5 and pb > 0.5),
for two equal players, the bias in both Prop A
and Prop B is slightly negative, and slightly
more for the player who serves second (see
rows 2 and 3).

In the tennis context, for two unequal players,
the bias for the better player is increased
(relative to two equal players). That is, it isdes
negative, or positive. Correspondingly, the bias
for the weaker player is decreased i.e. more
negative. Thus, if pa, pb > 0.5, the bias in Prop
A (or Prop B) has an extra positive component
when playing a weaker player, and an extra
negative component against a better player.
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The correlation between Prop A and Prop B is +1.0(e) (pa” - pb”®) — (pa — pb) is 0.0234 and 0.0177 for

if the duration of the tiebreak is exactly 12 pejnt SS1, and 0.0203 and 0.0147 for SS2. Also, (pa®
and it equals -1 if the duration is exactly 7 psint - pb”) given A serves first minus (pa” - pb")
The stopping rule of this modified tiebreak game ha given B serves first equals 0.0057 for SS1 and
lead to an overall negative correlation, even thioug 0.0056 for SS2. These differences are slightly
points have been assumed to be independent. smaller than in (a).
(H The correlation coefficients between pa” and
1 (pa, pb) E(PropA) E(PropB) Correlation pb” are smaller in absolute value for SS2 than
2 (0.6,06) 0.5972 0.5969 -0.1751 for SS1, and are smaller in absolute value than
3 (0.7,0.7) 0.6951 0.6943 -0.1610 those in (b) above.
g Eg-glg-% 8-;%8 8-?32 '8&28? (g) The proportion of points won on service by the
6 (0705 070 048l 01447 the loser. minus (ba — pby, i greater than zero
7 (05,0.7) 0.4831 0.7113 -0.1455 ’ ’ !

Table 4: Modified tiebreak game characteristics as expected.

Thebiasin a single set of tennis Thebiasin a best-of-three sets match of tennis

An exact analysis of a full set is possible, butyve The results for best-of-three sets matches argngive
tedious. Simulation (4,000,000 sets), using thell Table 6 (4,000,000 r_natches). System SS3 is three
software developed byBrown, Barnett, Pollard, ad_vantage sets, SS4 is two TB sets followed by a
Lisle and Pollard (2008), was used to get estimatedhird advantage set, SSS is three TB sets, andsSS6

of the bias (Table 5). SS1 is an advantage set anffV0 TB sets followed by a 10 point TB match
SS2 is a tiebreak set. Estimates of pa and pbaire p decider (as used in some doubles events).

and pb”. The proportion of points won by the winner S0Me observations when pa = pb = 0.65 are

on service is p(W) and the proportion of points won (") The value of p“(first server) — p"(second server)
by the loser on service is p(L). Although all vaue equals 0.0006, 0.0007 or 0.0008, and (pa" -
in Table 5 have 4 decimal points, accuracy is not ~ PP") given A serves first minus (pa™ - pb®)
quite to that level. This has been done so that the 9iven B serves first equals 0.0014, 0.0015 or

reader can get a feel for various differences & th 0.0016 for SS3 to SS6. As expected, these
table, including some on which no comment is values are smaller than the corresponding ones
made. from Table 5, as the effect on bias resulting

from serving first decreases as the matches are

Some observations when (pa, pb) = (0.65, 0.65) are _ longer" _ o _
(a) p(first server) — p’(second server) equals(') The correlation coefficients get smaller in
0.0033 or 0.0034. Also, (pa” - pb?) given A absolute value as we go from SS3 to SS6.

serves first minus (pa® - pb?) given B serves () The proportion of points won on service by the
first is 0.0067 for SS1 and 0.0068 for SS2. This ~ Winner is larger than the proportion of points
difference is a measure of the differing bias won on service by the loser, but the differences
between that when serving first and that when ~ &ré smaller than in Table 5.
receiving first. ) B

(b) The correlation coefficients between pa and SOMe observations when (pa, pb) = (0.7, 0.6) are
pb~ are smaller in absolute value for SS2 than(k) The bllases are positive for the better player and
for SS1, and they are all negative. negative for the weaker player.

(c) The proportion of points won on service by the () (Pa" - pb”) — (pa — pb) ranges from 0.0177 or
winner is considerably |arger than the 0.0162 for SS3 down to 0.0111 or 0.0097 for

proportion of points won on service by the SS6. Also, similarly to (e), (pa” - pb™) given A

loser, even though the players are equal. serves first minus (pa” - pb") given B serves
first equals 0.0015, 0.0015, 0.0016 and 0.0014

Some observations when (pa, pb) = (0.7, 0.6) are for SS3, SS4, SS5 and SS6. These are smaller

(d) The biases are positive for the better player and, _thanin(e). i .
negative for the weaker player. (m) The correlation coefficients are smaller in

absolute value than those in (f).
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Scoring First  (pa, pb) Pa® pb” (pa” - pbM)Correlation P(W)  p(L) P(W) - p(L)

System Server -(pa—pb) (pa”, pb") - (pa — pb)
SS1 A 0.65,0.65 0.6512 0.6478 0.0034 -0.2218 0.7035944 0.1103
SS1 B 0.65,0.65 0.6479 0.6512 -0.0033 -0.2210 (7.703.5944 0.1103
SS2 A 0.65,0.65 0.6535 0.6501 0.0034 -0.1747 0.7083984 0.1069
SS2 B 0.65,0.65 0.6501 0.6535 -0.0034 -0.1753 (3.7035983 0.1070
SS1 A 0.7,0.6 0.7101 0.5867 0.0234 -0.1415 0.722B741 0.0486
SS1 B 0.7,0.6 0.7094 0.5917 0.0177 -0.1599 0.7236774 0.0462
SS2 A 0.7,0.6  0.7103 0.5900 0.0203 -0.1195 0.7225%779 0.0446
SS2 B 0.7,0.6 0.7096 0.5949 0.0147 -0.1365 0.7234812 0.0422

Table 5: The bias results for a single set of temriien (pa, pb) = (0.65, 0.65) and (0.7, 0.6)

(n) The proportion of points won on service by the pa” and pb” was -0.120 (A first) and -0.137 (Btfirs
winner minus the proportion won on service by P(W) — P(L) was 0.145 (A first) and 0.142 (B first)
the loser is slightly bigger than (pa™ - pb”) for For a single tiebreak set of tennis when pa = 0.65

SS3 to SS6. and pb = 0.65, the total bias, (pa”™ — pb”) — (jd);
was equal to 0.003 (A first) and -0.003 (B firgthe
The biasin a best-of-five sets match of tennis correlation coefficient was -0.175 (A or B first).

Corresponding simulations of best-of-five sets Also, P(W) — P(L) was 0.107 (A or B first), a
matches were also carried out, but are not reportedubstantial amount given that the players are equal
here due to space limitations. Suffice it to refbatt ~ For a best-of-three tiebreak sets match when pa =
the various trends observed in going from onecet t 0.7 and pb = 0.6, the total bias, (pa® — pb") —{pa
three sets continued. A few figures of interestpb), was equal to 0.016 (A first) and 0.014 (Btjirs
however, are reported in the results and conclgsion

The correlation coefficient between pa” and pb" was

-0.071 (A first) and -0.074 (B first). P(W) — P(L)
3. RESULTS was 0.119 (A first) and 0.118 (B first).

For a best-of-five tiebreak sets match when pa7= 0.
For Byn.1 (unipoints), the proportion of points won and pb = 0.6, the total bias, (pa™ — pb”) — (pd); p
by player A, p”, is a biased estimator of p, thewas 0.012 (A or B first). The correlation coefficie
probability A wins a point. If p > 0.5, the bias is between pa” and pb” was -0.040 (A or B first). Also
positive. It increases initially as n increaseafra, P(W) — P(L) was 0.112 (A or B first).
reaches a maximum, then decreases and converg8$e various results for the best-of-three tiebreets
to zero. When p < 0.5, the bias is negative. match are less than the corresponding resultshéor t
When two or more B.; unipoints systems are used, single set, and all of the corresponding valuegter
the bias was seen to decrease (in absolute value). best-of-five tiebreak sets match were smaller again
The bias when B_; systems are nested was shown
to be typically greater than without nesting.
The bias for the Wsystem was seen to be greater in4. DISCUSSION
absolute value than for the ;B system, but

otherwise it had similar characteristics. The stopping rule in bipoints games such as tennis
The bias in a single advantage game of tennis igand volleyball) has been shown to lead to an divera
greater than that of the,B; system. negative correlation between the performances of

In bipoints systems the interdependency of pa® andhe two players/teams. The interdependent number
pb” can be quite complex, as it can depend on whmf a-points and b-points played leads to this riegat
serves first, who is the better player, and the siz  correlation. This negative correlation would noiséx

pa — pb. Stopping rules for sports typically lead t if the duration of the match involved a fixed numbe
negative correlations for pa™ and pb”. of points of each type. An example of this might be
In a single tiebreak set of tennis when pa = 04 an in the penalty shoot-out in soccer, where (at least
pb = 0.6, the total bias, (pa™ — pb”) — (pa — p@s  initially) each team has a fixed number of penalty
equal to 0.020 when A served first, and 0.015 whenshots. Here the independence (no correlation)
B served first. The correlation coefficient between bipoints model would appear to be a reasonable firs



Scoring First  (pa, pb) pa® pb” (pa™-pb”™) Correln p(W)  p(L) P(W) — p(L)

System Server -(pa —pb) (pa®, pb") - (pa — pb)
SS3 A (0.65, 0.65) 0.6499 0.6491 0.0008 -0.2250 82K6 0.6164 0.0662
SS3 B (0.65,0.65) 0.6491 0.6499 -0.0008 -0.2249 6826 0.6164 0.0662
SS4 A (0.65, 0.65) 0.6512 0.6504 0.0008 -0.1844 8386 0.6177 0.0662
SS4 B (0.65, 0.65) 0.6504 0.6511 -0.0007 -0.1846 6838 0.6177 0.0661
SS5 A (0.65, 0.65) 0.6513 0.6507 0.0006 -0.1763 83B6 0.6185 0.0651
SS5 B (0.65,0.65) 0.6506 0.6514 -0.0008 -0.1759 6836 0.6185 0.0651
SS6 A (0.65, 0.65) 0.6514 0.6507 0.0007 -0.1180 81®6 0.6203 0.0616
SS6 B (0.65, 0.65) 0.6507 0.6515 -0.0008 -0.1177 68X® 0.6203 0.0616
SS3 A (0.7, 0.6) 0.7079 0.5902 0.0177 -0.0834 (®700.5883 0.0216
SS3 B (0.7, 0.6) 0.7079 0.5917 0.0162 -0.0901 @710.5896 0.0204
SS4 A (0.7, 0.6) 0.7081 0.5921 0.0160 -0.0704 (710.5901 0.0200
SS4 B (0.7, 0.6) 0.7081 0.5936 0.0145 -0.0732 2710.5914 0.0188
SS5 A (0.7,0.6) 0.7079 0.5924 0.0155 -0.0706 (r700.5907 0.0190
SS5 B (0.7, 0.6) 0.7079 0.5940 0.0139 -0.0736 ®709.5921 0.0177
SS6 A (0.7, 0.6) 0.7061 0.5950 0.0111 -0.0709 (70@.5940 0.0131
SS6 B (0.7, 0.6) 0.7060 0.5963 0.0097 -0.0727 (700.5952 0.0119

Table 6: The bias results for a best-of-three sgtich when (pa, pb) equals (0.65, 0.65) and (067, 0

approximation to the practical situation. Another the proportion of points won by the weaker player
example might be in rifle shooting when two (or on service, E(pb"), is less than the probabilitst th
more) shooters have a fixed nhumber of shots. the weaker player wins a point on service, pb. Thus

if pa™ is used as an estimator of pa, it will teénd

overestimate it, and if pb” is used as an estimaftor
5. CONCLUSIONS pb, it will tend to underestimate it.

In bipoints sports such as tennis and volleybal} p
The statistics for many sports matches are biased. and pb” are negatively correlated variables forynan
In sports such as squash it is widely accepted thascoring systems. For a given sport and parameter
only one type of point is really necessary for values, the bias in a scoring system with a large
accurately modelling the sport. In such unipoints expected duration is typically smaller than thagin
sports the expected value of the proportion of §goin scoring system with a smaller expected duration.
won by the better player, E(p”), is greater tham th More specifically, in tennis the proportion of ptEin
probability that the better player wins a pointfqr, = won on service is typically biased upwards for the
all the commonly used scoring systems. Thus, if thebetter player and downwards for the weaker player.
proportion of points won by the better player, {3, The total effect of these two biases is about 0fot4
used as an estimator of p, it will tend to overeate ~ a best-of-three tiebreak sets match (when pa = 0.7
it. Further, if the proportion of points won by the and pb = 0.6), and about 0.012 for a best-of-five
winner (not necessarily the better player) is used tiebreak sets match (when pa = 0.7 and pb = 0.6).
an estimate of the winner’s probability of winniag  Although these are not substantial amounts, it doul
point against that opponent, it will tend to be reve appear to be useful to know the typical sizes e$¢h
more of an overestimate. biases. It could be of marginal relevance in the
Sports where serving is an advantage and two typegambling context.
of point are considered necessary for modellingln a best-of-three tiebreak sets match between two
purposes (eg. tennis) are called bipoints sports. | equal players (say pa = pb = 0.65), the propomion
bipoints sports the expected value of the proportio points won on service by the eventual winner of the
.of points won by the better player on service, match is shown to be about 0.065 on average greater
E(pa™), is greater than the probability that thtdse than the proportion of points won on service by the
player wins a point on service, pa, for the commonl loser. For a best-of-five tiebreak sets match betwe
used scoring systems. Also, the expected value ofthese two equal players, this difference is shoavn t
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average about 0.049. It would appear that these are
quite substantial amounts given that the two player
are actually equal.
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Abstract

This paper analyses match outcomes in test cricket. Our analysis is based on 146 international test matches,
from November-2005 to April-2010. We model match outcome given the position at the end of each session.
Match outcome probabilities are determined using multinomial logistic regression. Theses probabilities can
facilitate a team captain or management to consider an aggressive or defensive batting strategy for the next
session. We investigate how the outcome probabilities (win, draw, 10ss) vary session by session and how the
covariate effects vary session by session. The covariates in the models include the score or lead, overs-
remaining, run-rate, the pre-match strength of teams, batting resources, and home factor and toss outcome
indicators. Our analyses suggest that lead has a small effect on the match outcome early on but dominates
later. On other hand batting resources dominate throughout the match.

Keywords: Test cricket, multinomial logistic regression, strategy
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WHAT WILL THEY SCORE? IN-GAME PROJECTION OF FIRST
INNINGS FINAL SCORES IN LIMITED-OVERS CRICKET

Stern, Steven Edwafd
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Abstract

In this paper, we build upon the work of Lewis (8p@nd combine the Duckworth-Lewis methodology,duse
primarily in setting revised targets in interruptadited-overs cricket matches, with a credibiliheory model

to obtain a dynamic approach to estimating a tedim& first innings total based upon the curretates of
play. The approach is valid for limited-overs niegs of any duration, and can even be applied in
circumstances where the first innings has beentested during play due to weather or other interomst
Finally, we use a database of international limibdrs matches to assess both appropriate valugs an
structure for the credibility factor as well as #exuracy of the proposed projection method.

Keywords. Credibility theory, credibility factor, Duckworthewis method, dynamic estimation

1. INTRODUCTION overs still remaining. In order to project theelik
total score at the completion of the innings, wetfi
During play in the first innings of a limited-over need to assess how much of the innings has been
cricket match, it is natural to speculate on winat t completed. This may initially seem a trivial
likely final total will be based on the current seo  question, as the “obvious” answer is proporfps
Accurate estimates in these circumstances, availabl(M—v)/M of the innings has been completed and,
dynamically as play progresses, can have beneficiaihus, proportion 4p remains. This naive and overly
impacts both on playing strategy as well as thesimplistic definition of the remaining portion die
entertainment value of the match for those watching innings, based only on number of overs, is thesbasi
Indeed, as Bailey & Clarke (2006) demonstrate,for the simplest and most common current score
predictions of first innings totals, as well as &l projection technique, which simply posits a (fixed)
margins of victory, are of wide interest; for exdep rate, r, of runs scored per over for the remaining

as an aid in sports betting markets. However,portion of the innings, so that the projected sésre
current practice for broadcasters of limited-overs Pywe =S+ (1= PMr =s+vr.

cricket matches is based simply on assuming various

common, fixed run-rates per over for the remainder )
of the innings. However, as Lewis (2008) indicated However, Duckworth & Lewis (1998, 2004)
such an approach is unrealistic and unsatisfageory demonstrated clearly that focusing solely on the
a number of reasons, and he suggested ways iﬁumber_ of overs_pla_lyed to determine the effectlvg
which the Duckworth-Lewis (D/L) methodology, Proportion of the innings that has been complesed i
currently used primarily in setting revised targets ~ NOt appropriate. Instead, the fundamental priecipl
interrupted matches, might also be used for variou®f the Duckworth-Lewis methodology is based

other calculations of interest, including firstings ~ @round “scoring resources”, which take into account
score projection. not only the proportion of overs remaining to a

batting side, but also the number of wickets still
available. Indeed, it is quite clear that a battside
that has already lost 9 of their available 10 wiske
nearly finished with their innings, no matter how

Specifically, suppose that the team batting finsti
limited-overs cricket match has scorsduns and
lost w wickets withv out of their maximum oM
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many overs they may have remaining. Accordingly,innings, corresponding to the use of a relatively
we defineR(v,w) to be the Duckworth-Lewis scoring small proportion of their available scoring resasc
resources remaining to a batting side when theg havthe resulting direct scaling projection of theindi

v overs of their innings remaining and have last score can be wildly unrealistic. Indeed, as a Bmp
wickets (for details regarding the calculations of example, if a batting team has scored no runsen th
Duckworth-Lewis resource values, see Duckworthfirst couple of overs, the direct scaling score
& Lewis, 2004). We can then drastically improve projection will necessarily be zero, which is
our projections over those based on the naive rungonsensical. Moreover, this issue has been
per over approach by considering instead a rate ofmagnified in recent times with the explosion of
runs per unit of resource, u, over the remaining Twenty20 cricket, a game in which short, extremely

scoring resources as

P =s+ puR(M,0)=s+uR(v,w),
where R(M,0) represents the scoring
available to the batting side at the beginningheirt
innings (when the maximunM overs are still
available and no wickets have been lost) and
R(v,w)/R(M,0) is the proportion of the original
available scoring resources that still remain te th
batting side when the projection is to be calculate

In fact, once we have recognised the problem as on

pertaining to scoring resources rather than sirtply
overs, we can replad&(v,w) andR(M,0) byR.» and

Rrax, the resources currently remaining to the batting

side and the maximal resources available to th
batting side, which how may have been calculate
according to the Duckworth-Lewis methodology to
reflect any shortenings to the innings made
necessary by weather or other interruptions. is th
case, the score projection becomes

P=s+puR , =s+UR,,.

2. ACREDIBILITY THEORY BASED
PROJECTION METHOD

One natural choice far is the observed scoring rate,
Uobs = §(Rmex — Rrem).  Using this choice produces the
so-called “direct scaling” projection:

SRen

Pdirect = S+uobsRem =s+

= 5(1 + Rem

Riex = Rem
j SRy

Riex = Rem
= Ugps Riex-

Riax = Rem
This direct scaling approach often performs quite
well in accurately predicting the final score,
especially if it is applied after a reasonable
proportion of the innings has been completed.
However, the direct scaling approach is highly
sensitive to extreme scoring rates over short gerio
That is, if a batting team scores a very high @nyv
low) number of runs during the early portion ofithe

resources

high bursts of scoring are commonplace.

Alternatively, “expert opinion” might be used to
determine an appropriate choice wf potentially
taking into account a range of match-specific
conditions. While this approach may seem
appealing, it has the clear disadvantage of reqiri
unique, sometimes almost intangible inputs for each
match. Moreover, “expert opinion” is notoriously
gariable, and may well be locally influenced (iflypn
Sub-consciously) by the observed scoring ratese Th
vagaries of “expert opinion” might be removed by a
more systematic modeling of first innings totals
using match-specific factors, such as that carmigd

gjy Bailey & Clarke (2006). However, while such an

approach certainly reduces the subjectivity in the
projections, it adds a degree of complexity which
makes it difficult to implement generically.
Moreover, such an approach may fail to adequately
account for the highly relevant information avaltab
in the current score of the actual innings for vahic
projection is being made. Therefore, in what
follows, we choose to setaccording to a credibility
theory model, which takes the form
u=Q-my+mnz,
where 0<7<1 is a weighting factory is an
estimate of the future scoring rate of the innings
which is based on a relatively small amount of
directly relevant information anzlis an estimate of
the future scoring rate that is based on a relgtive
large amount of perhaps only indirectly relevant
information (see Bulmann & Gisler, 2005, among
others, for an introduction to credibility theory).

Employing this approach for first innings score

projection, it is straightforward to sgt= ugys, as this

is plainly the most directly relevant information

regarding the plausible scoring rate for the
remainder of the innings. The choices fwand z

are somewhat more equivocal. As noted above,
choosing a value far based on expert opinion or on

models including match-specific characteristics has
merit, but will not facilitate a simple, automatic
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process and is subject to the substantial problem oresources remaining is high. Damping occurs in the
disagreement among “experts” and various modelupper right corner, where scoring rates are very
structures (nevertheless, a potential area of durth high, and enhancement in the upper left corner,
research would be the inclusion of these approachewhere scoring rates are well below average.
into the determination . So, in what follows, we
shall setz equal to the overall average of completed Of course, the degree of damping and enhancement
first innings scores from recent international @0  shown in Figure 1 will vary according to the value
matches. This value was denotBg by Duckworth  of the tuning constank, and so an appropriate value
& Lewis (1998), and is currently set at 245. [NQTE of this parameter must be determined. Before
the use of the average score in 50-over matches idiscussing that choice in detail, we note that
necessitated by the fact that D/L scoring resourceshoosingk = 1 amounts to projecting the final score
are calibrated so th&(50,0) = 1; that is, a full unit by assuming the remainder of the innings will see
of scoring resources corresponds to the resourcethe batting team score at the overall average
associated with a 50-over innings.] Finally, basad resource usage rate (i.e., a usage rate corresgpndi
a heuristic argument outlined in the Appendix, we to an overall score dbso), while ask increases, the
choose a weighting factor of the form projection approaches the direct scaling method.
IT:(R'em/Rmax)k_l’ Thus, ask increases, the damping and enhancement

i ) plot would become increasingly flat.
for some appropriately chosen value lof 1. This

form of the weighting factor ensures that as the
resources remainingR.e, diminish, so does the
weighting factor, with the result that becomes
increasingly weighted to the observed scoring rate.
This aspect of the weighting factor appropriately -
reflects the fact that as an innings draws to as;lo
the observed scoring rate is an increasingly ateura
reflection of the actual final scoring rate.

>
£
H
g
n

<

S

Using this approach, we combine the above choice
to construct a credibility estimate for the scoriage
during the remainder of the innings:

el

resulting in the first innings projection formula:

e

150 200 250 300 350

k
_ R, GSO Observed Scoring Rate
P = PFirex {1_(;“J (1__ ’ ) Figure 1: Contour plot of the degree of dampingminancement

Rmx uobs
providedugy,s > O [otherwise, the projection formula

become® = (R e/ Rre) (RuenGs0)]-

Of Pgireet (USINgK = 2).

3. CHOOSING THE TUNING PARAMETER
The projection formula (1) shows that the approach
proposed here constitutes either a damping,if> In order to assess the most appropriate choicthéor
Gsp) or an enhancement (ifi,ns < Gso) Of the direct  tuning parametek, we investigate a database of 574
scaling target. Moreover, the degree of damping olinternational cricket matches played between June
enhancement is decreased as the proportion 02005 and December 2009. The collection consists
available resources already used increasesof a mixture of 50-over One-Day International
Similarly, the degree of the damping or (ODI) matches and 20-over Twenty20 International
enhancement decreases as the observed scoring rg201) matches. For each match, the final first-
approaches the overall average scor€f Figure  innings score is recorded, as well as the scoreswh
1 shows the degree of damping or enhancement foany multiple of 5 overs was remaining. For example,
various scoring rates and resources remaining usinpr a standard ODI, the scores at 5, 10, 15, 20, 25
k = 2. The damping and enhancement occur in the0, 35, 40 and 45 overs were recorded, while for a
upper corners, where the proportion of scoringT20l, the scores at 5, 10 and 15 overs were redorde
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Overall, the collection included 101 full T20I firs problems were carried out using thileni n function
innings, 451 full ODI first innings and 22 ODI within the computer package S-Plus). However, as
matches which were shortened to between 22 and 4Bigure 2 demonstrates, the accuracy of a projection
overs at their outset. In total, this created tacde  will be inversely related to the amount of scoring
4,981 partial-innings scores (including the O rfors  resources remaining at the time the projection was
0 wickets scores at the start of each match) fronmade.

which projections could be made and subsequently
assessed for predictive accuracy. One reason for
using partial-innings scores at 5-over interval$ois
reduce any dependency between scores from the
same match. In the analysis that follows, we:
proceed as if all 4,981 partial-innings scores: °|
represent independent pieces of information. :

o
S
=

Projection

We start by presenting some descriptive statistics ‘ o A
regarding the database of matches. Table 1a showsfH , , , , ,
the average (standard deviation in brackets) saires 02 04 06 08 Lo

Resources Remaining

various stages of the T20I first innings, and Tdlile

shows the same for fuII-Iength ODI first innings. Figure 2: Difference between projectiof®(1.6046), and actual

final score versus resources remaining at timeagption.

Table la: Average scores (standard deviations ackiets) at
various stages of 101 T20Is. [NOTE: Wickets downanhpletion

of innings not available in dataset.]

OversSPIayed \/1v|2c|5<e(tls 1DOC)’W” Bgzggs(lsocgge)d To account for this heterogeneity, we use a wetljhte
0 259 (1.46) 74.58 (17.32) approac_h to estimating _the valuelofapproprlgte_ly
15 4.32 (1.59) 113.06 (25.96) accounting for differential accuracy of predictions
20 N/A 157.76 (35.04) So, we use the alternative objective function

dw(kfy!a) = Af {Fl‘(.k#} + In(aerit};,i) ’

em,i

Overs Played Wickets Down Runs Scored . L .
5 0.67 (0.77) 10.83 (3.64) W_here Rrem; is t_he resources remaining assoqated
10 1.28 (1.02) 43.23 (14.55) with the projectionP(k). The form of this function
15 1.97 (1.30) 66.34 (19.11) is based on a weighted normal log-likelihood agmplie
20 2.62 (1.47) 88.57 (23.57) to the runs remaining to be scored; that is, theesa
gg 2-(151 (1?2) igggi (5(7)-%2) S — s are assumed to be normally distributed with
35 211 21:79; 156.73 E3 4:213 meanP;(k) —s and standard deviatiooRY, ; .
40 4.68 (1.70) 184.08 (38.68)
45 5.60 (1.61) 216.72 (45.02) The chosen structure for the standard deviation is
50 N/A 244.09 (63.87)

based on the increasing spread observed in Figure 2
and also allows the estimation of a generic spread
parameter,g, which equates to the accuracy of a
score projection at the start of a 50-over innifys,

Gso = 245. Minimisingd,(k, y;0) yields the normal-

Table 1b: Average scores (standard deviations ackaets) at
various stages of 451 full ODIs. [NOTE: Wickets dovat
completion of innings not available in dataset.]

Initially, we estimate the value d&f using a simple

least-squares approach. Specifically, for eacthef oo estimates and standard errork gf and o
4,981 partial-innings scores in the dataset, we '

cul he diff b h i Ishown in Table 2 below. In addition, Figure 3
calculate the difterence between the actual finalyegents a plot of weighted differences between
score,S, and the projected final score as a function

. . T jecti d actual

of k, sayP(k). That is, for the™ partial-innings projections and ac uaPs(cko)rfs
score in the dataset, calculad®{k), the projected € :i—S
score based on the choice of valjeaccording to ORGi
the projection formula (1). Then choose the tuningysing the estimates dt, y and o derived, and
parameter as the valuelothat minimises suggests that the weighting scheme adopted has

d(k)_ﬁl{P(k)—S}z- remedied the heterogeneity problem arising when

- = i un-weighted least squares was used. However,

This approach yields an estimate kf= 1.6046. While Figure 3 appears more homoscedastic, there is
(Solutions to this and all subsequent minimization still an issue when resources remaining are small.
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observed standard deviation of 63.87 for first
innings scores in full 50-over matches (see Table
1b). As such, we prefer this method.

100
s

-100
!

4. CONCLUSION

© P @ 00w EETEWD

Weigthted Residuals

-200
L
o

The proposed projection formula fits the observed
data well, and using our database, we have aréved

-300
L

02 04 06 08 Lo a projection formula of the form:
Resources Remaining 1.6781
Figure 3: Weighted difference between projectionsl actual P=P 1- Rem 1- 245
final scoreg, versus resources remaining at time of projection. direct u
Rmx obs
An investigation of the partial-innings scores R L6781, oyg
. . . . =u Rmx 1- em 1-
associated with those matches with weighted obs — U
residuals in the lower left corner of Figure 3 Rrex obs

revealed that they were associated with matches imhis method is based on the direct projection
which either the ninth or tenth wicket partnership approach, which works well in a wide range of
produced an unusually high number of runs. Thiscircumstances, but also behaves more stably in
circumstance highlights a key problem with a situations where the observed scoring rate is mre
normal-based approach. While the runs yet to beover a relatively short period.
scored in a match will likely be reasonably
symmetrically distributed around its average valueAs an independent assessment of the accuracy of the
when a reasonable amount of the innings stillmethod, projected first innings totals were caltada
remains to be played, when the innings is nearlyfor a new set of 44 matches (8 T20Is and 36 ODIs)
complete, the distribution of runs yet to be scoredplayed between January and April 2010. Projections
tends to be skewed. This phenomenon arisesvere again made from each partial-innings score at
because runs yet to be scored cannot be negativéhe end of overs which were multiples of 5. This
and when 8 or 9 wickets have already been lo#, it yielded 345 predictions which could be assessed for
likely that only a few more runs will be scoredfye accuracy. Figure 4 shows the histogram of the
in a small number of cases the last batting fewdifferences in the projections and the actual final
partnerships will produce a large number of runs.  first innings scores for these 345 predictions. In
addition, Figure 4 shows the histogram for
In response to this problem, we consider anprojections based on direct scalifgec.
alternative distribution for the valu&-—s, using a
gamma distribution rather than a normal distributio 8
but maintaining the same mean and standard "7 Direet Sealing Projecion
deviation structure. Doing so yielded the maximum |
likelihood estimates and standard errors for the
parameters shown in the final column of Table 2.

Normal-based Gamma-based
Parameter . . y
Estimates Estimates g g
Kk 1.4858 (0.0360) 1.6781 (0.0389) g
y 0.5917 (0.0141) 0.7059 (0.0138)
o 55.49 (0.80) 59.95 (0.85) BB

Table 2: Parameter estimates (standard errorsaickbts) using

normal- and gamma-based models. [NOTE: Standardrserr
calculated as the square-root of the diagonalemof the inverse s
of the Hessian matrix of the log-likelihood funcetievaluated at

its maximum; that is, the observed Fisher inforovaii

The estimates from the two different methods are 300 200 100 0 100 200 200
reasonably similar (although, the differences are Diference betueen Actual and Projected Final Score
statistically significant).  However, the gamma- Figure 4: Histograms of differences between 345uacand
based estimate faris more closely in line with the projected final first innings scores.
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As can be seen from Figure 4 and from Table 3, theNe conclude by indicating one way our projection
projection method proposed here outperforms theprocedure can be used to enhance the entertainment
direct scaling method. On average, the projectionand information value of live limited-overs cricket
method proposed is within 25 runs of the actuallfin broadcasts. Figures 5a and 5b show the run-scoring
score, nearly twice as accurate as direct scatimg ( progression from the semi-finals of the 2007 Cricke
actual average final scores for the 8 T20l matchedNorld Cup, and are based on plots shown during
was 131.88 with a standard deviation of 37.28 andive cricket broadcasts, whereby the score through
for the 36 ODI matches was 258.36 with a standardan innings is depicted as an increasing “worm” with
deviation of 52.53). dots at the fall of wickets. Figure 5a shows tht fi
innings of the match between Sri Lanka and New

Projection Average Absolute Standard Deviation of Zealand. in which Sri Lanka batted first Figure 5b
Method Deviation Differences . Do ’ .
P 5445 3237 the first innings of the match between Australid an
Paren 44.46 67.07 South Africa, in which South Africa batted firsthd
Table 3: Summary of 345 projections from 44 newahes. addition to the common display in these plots & th

. o ) ) inclusion of the projected score and likely range,
F|na”y, the likelihood framework outlined in the based on our proposed methodo'ogy, above the run-
previous section provides a ready methodology forscoring “worm”. The display shown here is for the

attaching a likely range to our projected totah | entire innings; however, at any stage of play poe
particular, the standard deviation of runs yet € b ¢can pe produced up to the current over.

scored is estimated a89.99R%’®° so there is an

em

approximate 70% chance that the final score lies in
the rangeP +59.95R%%°_ Alternatively, we can use

appropriate gamma-based quantiles to derive more
precise upper and lower confidence bounds for the
final score projection. For the 345 projectiorend

the 44 matches played between January and April
2010, 76.81% of the ranges so calculated actually
covered the true final first innings score. ThEsn
close agreement with the theoretical value of 70%,s
the excess coverage in part explained by the inter-
dependence of projections from the same match.

250
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Figure 5b: Progression of actual and projectedestimoughout
the South African innings during their 2007 Crickibrld Cup
semi-final match against Australia.
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Note that the variation in the projections can also
serve as an indication of which team is currently
performing better in the game; that is, whether the
batting side has begun to improve their performance
or the bowling side has begun to rein them in.
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Appendix Clearly, the later in the expansion the replacement
takes place, the closer the projection is to tmecli

A simple heuristic argument using geometric seriesscaling projection.

expansion shows why choosing

:(R'em/Rmx)k_l References

is appropriate. The direct scaling prOJeCtlon IS: Bailey, M. & Clarke, S.R. (2006). Predicting the match
_ Rmx Rem outcome in one day international cricket matchds|ev
Piret =S R_-R SZ the game is in progresdournal of Sports Science and
em i=0 Medicine, 5, 480-487.

R R Bulmann, H. & Gisler, A. (2005)A course in credibility
=s+ S( = J S(—emJ theory and its applications. Springer-Verlag.

Rmx Duckworth, F. C. & Lewis, A. J. (1998). A fair methéor

Thus, a simple way to adjust the direct scaling resetting the target in interrupted one-day cricket
method to reduce the effect of extreme scoringsrate Matches. The Journal of the Operational Research
is to replaces by (Rmx — RemGso, Which is Society, 49, 220-227.

. : . Duckworth, F. C. & Lewis, A. J. (2004). A succedsfu
equivalent to replacingioss by Gso, a.fter a certain operational research intervention in one-day ctickiee
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Journal of the Operational Research Society, 55, 749-
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Rrex Rrex methodology to provide additional benefits for ater
R cricket. Proceedings of the 9" Annual Australasian
emj Conference on Mathematics and Computers in Sport.
Rrex (ed. John Hammond). ANZIAM.

(R~ Rer)s
ilx)
(R~ R T | £

3(2)
)

_']__h
R
=)
+ (R = Rem)Ggp g~
1_%
R
_ s Ren
S+Rm—aem{Rem R‘—‘“(Rmxj }
Remj“
G —Tem
+Rem SO(RTBX
_ _ Remj“}
- em“obs 1 -
S*Rant { (RW
Rfemjk‘l
G .
+Rrem SO(Rmax

=S+ |%em{ (1_ ﬂ)uobs + nGSO}



238 What Will They Score? In-Game Projection of First Innings Final Scores in Limited-Overs
Cricket



DATA MINING IN PROFESSIONAL CRICKET FOR PERFORMANCE
ENHANCEMENT

Abid Ghaffar*” and Ehtesham Tafia

&University of Engineering & Technology Lahore,
Alkhawarzmi Institute of Computer Sciences
® Corresponding author: abidghaffar @gmail.com

Abstract

Data mining can be viewed as the process of autoatigtextracting previously unknown informatiorofn
large databases and utilizing this information tkencrucial business decisions. In Data mining tali@oked
for patterns and relationships which later on Iéadsome previously unknown facts, i.e. knowledghe T
sports world is known for the vast amounts of stais that are collected for each player, team,egaand
season. Since the processing of data is much sliwaarits generation, this information is not uséfumost
of the cases; especially for the players or evamgeof limited resources. It is virtually impraetide to get
any advantage from that data. Using data mining,riw data could be converted into wealth of kreazlge.
A study was conducted wherein Cricket, which i©dtaown as game of records, was taken as the model
sport. Ball to ball data of a batsman was mineg@rapare a decision tree. This decision tree higtdid the
strong & weak areas of that batsman. Using thissaectree, that batsman could be suggested toawephis
weak areas. On the other hand, this decision tveédalso be used for selection of a batsman apamg
particular team or situation. The results of thigly were presented to stakeholders in Pakistark€rBoard
(PCB), who validated and appreciated the results.

Keywords. Data Mining, Classification, Decision Tree, CetkPerformance Enhancement

1. INTRODUCTION disclose these patterns. On the basis of this
knowledge recommendations to the vendor/customer
Data mining is the blend of some tools and can be given.
techniques for the exploration of knowledge from Another area where loads of data is generated and
huge amount of data (Han, Jiawei and Michelinegathered is the world of sports, where data is
Kamber, 2006). In Data mining data is looked for collected for players, their teams, season and ezenu
patterns and relationships which later on lead towhere the matches have been played. The statistics
some previously unknown facts, i.e. knowledge.that are gathered for a cricket player might bensr
Moreover the future events can be predicted fromscored, wickets taken, centuries made, batting
these patterns and relationships. Areas where thaverage maintained, batting strike rate maintained,
presence of Data mining can be felt includesbowling average accomplish, bowling strike rate
industrial applications, criminal investigationso- achieved etc for each match.
medicine (Chen et al, 1998), sports (K. Solieman,The level of competition is high in the world of
Osama 2006) and counter-terrorism (Bhavanisports, the difference of skills and temperament is
Thuraisingham). very low between the international teams so a sligh
Most customers when they go out for shoppingedge normally goes a long way. By tradition it was
normally follow a similar pattern. It has been seenconsidered that the experts of the game are the
that when a customer purchases milk & bread, he isepository of all the knowledge regarding that game
likely to purchase butter. It's the data mining @i  experts might be scouts, coaches or even managers.
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Considering the significance of historical datdtir Data under standing

field of sports and games, it is imperative to fthd Before processing it's imperative to understand the
patterns in that data which can lead to newdata. There must be a domain expert there, who
knowledge. This could extremely helpful not only would be able to set direction of data mining ekper

for the player and their coaches but also forby pointing out what are most important pieces of
managers and the contractors of the teams who offelata and how does they relate to each other. Becaus

expensive contracts to the players.
In this study Classification technique is propofad
mining and knowledge extraction from sports data.

2. METHODOLOGY

selection of relevant attributes is crucial to Data
mining success, without adequate understanding of
data, the return on the resources invested in data
mining would certainly be disappointing. In queét o
finding the most important attributes that dealthwi
the performance of a batsman we consulted experts
of the game and finally concluded the following

Since data mining is a growing area, the techniquesttributes
are constantly changing, as new improved methods

are discovered. Decision tree classification cad fi
out interesting trends from historical data of any
cricket player. Decision tree classification has
certain distinct qualities which are listed in (Bow,

A., Chikalov, 1., Eruhimov, V., & Tuv, E. (2005),
(Rose Quinlan 1996) and (SK Murthy (1998)).

The Life Cycle of any data mining application
consists of following six phases (Crisp).

. Business understanding
. Data understanding

. Data preparation

. Modelling

. Evaluation

. Deployment

U WNPF

Business under standing

Major concern of this study is towards the

Bowler Syle
To keep things simple and easy to understand,
bowlers a batsman faced were categorized as
fast, medium and spinner. This categorization is
important because some batsmen have good
technique against faster bowlers but they are
vulnerable against the spinner and vice versa.

Foot
There are distinct shots which can be played on
front foot as well as back foot. It can be a good
measure of players technique as it is seen that
some batsman hesitate to play on the front foot

and others fails because they commit
themselves on back foot or on front foot too
early.

Ball Length

All the balls were categorized on the length.
This attribute could have the values like short
pitch, good length, fuller length or even full
toss. Choice of attribute is obvious as there are
only few players who can play the balls of every
length with ease.

Ball Line
Ball line is another judge of batsman's
technique. Some players are strong on the leg
side and others feel it comfortable to play on the
off. Earlier days of the Indian former captain
Sourav Ganguly is an example, who played
almost every ball on the off side, conversely
former kiwi Captain Stephen Fleming when he
came to bat used to play every ball on the leg
side.

performance enhancement of batsman using data

mining. So ball to ball data about a batsman battin
will be collected.
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Shot Played
What shot the player is playing. This variable is
. . Bowler Ball Ball
Categorlzed as followmg style foot length | Line shot Result
¢ Beat
e Cover Drive Eull
* Cut, Edge FAST BACK | Length | OFF LEFT | Convincing
*  Flick
« Glance -
b Left FAST LEFT Length | OFF LEFT Convincing
e Lifted Drive
*  Off Drive Good [ ON Not
. On Drive MED LEFT Length | DRIVE | LEG Convincing
« Pull UM
* Push Short
¢ Reverse Sweep FAST | LEFT | Pitch | OFF LEFT | Convincing
e« Smashed
e Square Drive = -
. Stop FAST LEFT Length | LEG LEFT Convincing
e Straight Drive
* Sweep Full
. Thump FAST LEFT Length | OFF LEFT Convincing
Short
Result FAST LEFT Pitch LEG PULL Convincing
A variable named ‘Result’ was added to the
above data. This variable is the output Good ON
(dependent) variable. This variable has only two_FAST | LEFT | Length | LEG DRIVE | Convincing

values i.e. ‘convincing’ or ‘not convincing'. If

the batsman has scored a run, it is marked as/odelling

‘convincing’ and if he hasn't scored any ‘not In this phase, many data mining modelling
convincing'. techniques are selected and applied, and their
As it is not possible to infer from the available parameters are calibrated to most favourable values
data (Cricinfo) that whetter or not batsman hasTypically, for the same data mining problem, severa
played a convincing shot or not, runs scoredtechniques might work. Stepping back to data
was used to infer that whether or not the shotpreparation phase is sometimes required because of

played was ‘convincing’ or ‘not convincing’ the difference in the format of data used in défar
techniques.
Data preparation For this particular study, we selected decisiom tre

Data collection and preparation for the evaluatbbn modelling approach.

the proposed model was not an easy task. Balllto ba

data of a batsman was required. Keeping this issugyaluation and Validation

in mind major sports organizations were consultedHow well your mining models have performed
and data from multiple sources especially from against real data is accessed in the process of
(Cricinfo) was obtained and integrated. A Pakistanvalidation. It is imperative that you authenticate
test cricketer Imran Nazir was selected as a modeyour mining models by considering their quality and
batsman. The batting data of Imran Nazir for seasortharacteristics before their deployment into the

2006-07 was collected, transform & integrated. production environment  (MSDN). Following
metrics are used to access the quality of a data
The shape of our final data will look like. mining model.

Accuracy is a measure of how well the model
correlates an outcome with the attributes in thia da
that has been provided. The accuracy of these rules
was checked with the help of confusion matrix
(Kohavi and Provost, 1998). A confusion matrix is



242 Data Mining in Professional Cricket for Performance Enhancement

built as a comparison of actual values that exist i | Qvercast | Low Yes Lost
the testing dataset against the values that thengin Sunny Low Yes Won
model predicts. Sunny Low No Lost
Usefulness deals with a variety of metrics thatt tel sunny High No Won
you whether the model provides useful information. | SUNNy Low | Yes | Won

Sunny Low Yes Won

To evaluate the proposed methodology, dataset was
divided into two partitions, training subset andtte Though it's an example containing very few records
subset. First a decision tree was build using imgin  but still it is apparently confusing for captain to
subset and its accuracy was verified using tesfigure out what to do on seeing it in the above
subset. After this the results are discussed with gormat. Let's see how a decision tree model cap hel
domain expert to gauge the usefulness of results.  the captain in understanding the situation. To make
the decision tree of the above data, we proceed as
Deployment follows:
Creation of the model is usually not the end of the
project. Depending on the requirements, the
deployment phase can be as simple as generating
report or as complex as implementing a repeatable
data mining process (Crisp).
In this particular case, we were only interested in
getting a decision tree which would highlight the
strong and weak areas of a batsman.

Root
TRUE

HNade 1
outiook = overcast
TRUE

1 lost

Hade 2
autiook = sunny

Nade 3
no of bats » B=no

Example

To understand the usefulness of decision trees ir
cricket world, consider the start of cricket match

where two captains are involved in a toss. The
winning captain has the option to decide whether to
bat or field first. It's a difficult decision on #ipart

as sometimes this decision plays a major role én th

outcome of a match. Let's suppose he decides to
collect the data of last 10 matches where theAn equivalent rule solution is:

Node 5 ‘

bty = figh | won

Node &
bumidlty = low

lost

Won

Nadle 4
o of bats = B = yes

captains decide to bat first after winning the toss

The data set that has been chosen for this table

comprises of Humidity, Outlook and the number of
regular batsmen in the team.

Following Table showing the hypothetical data of

last ten games where the winning captain decided to

If outlook = Overcast then
Lost
Else if outlook = sunny then
If humidity = high then
Won
Else if humidity = low then
If batsmen > 6 then

bat first after winning the toss. Won
Else
| ndependent Variables Dependent _ Lost
Variable End if
End if
o = g Z ol End if
5 = | BE §8
= 3 I % From this decision tree the captain and his other
v fellows come to know historically and statistically
© o that it is better to put opposition in for bathietday
: is overcast and conversely If the day is sunny and
g“””y t |H_|'.9T] YNeS \Iivort‘ humidity is high batting first would have been a
vercas 9 0 0S better option and finally. If the day is sunny, hwit
Sunny Low | No Lost low humidity, and the team contains at least six
Sunny High No Won regular batsmen, batting first is safe; otherwrssyt
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should field. Hence, the captain can now make a Else
knowledgeable decision after winning the toss. Not convincing
This is basically a very simple example to illustra End if;
the use of data mining in sports. By looking at the If shot = “cover drive” and bowler =
proposed example, a captain can easily predict that “medium fast”
the result of batting first is not going to be Not convincing
favourable if the Outlook is overcast. On the othe Else if shot = “cover drive” and bowler =
hand, there is fair chance of winning if you opt to “spin”
bat first after winning the toss on a day when Convincing
humidity is high and the outlook is sunny. End if
If shot = “cover drive”
3. IMPLEMENTATION AND CASE STUDY Convincing
End if

Classification Software was designed in Excel thatEnd if

utilized the standard C4.5 algorithm to generate

decision tree. Excel was selected due to its intiit  If we go through above generated rules, we willl fin
user interface and ease of use. Its very easy for discover following.

novice user to input, edit & manipulate data inedxc « Imran Nazir feels comfortable while
while simultaneously able to mine it. Ball to ball playing

detailed data of the Imran Nazir was feed to this o0 “Full Length” balls that come on
software which generated the following tree. “off side”

0 “Cover Drive” to “Good Length”
balls especially for “slow”
bowlers.

* Imran Nazir feels difficulty while playing
o “Full toss” balls.
o “Full Length” balls that come on
“middle stamp”
o “Cover Drive” to “Good Length”
balls “Medium fast” bowlers.

These rules can help in following ways.

e Coach can use these rules while planning
practise session, training for batsman. He
can give more attention to grey areas and
resultantly the performance of batsman

From the detailed study of the tree which is shown would improve.
above is pruned and made on C4.5 model, we can ¢ The captain of the team can use these rules
come across the following conclusion about the to select the best batsman for the current
technique of the batsman ,which in our case is situation during a match.
Imran Nazir. * The opponent team can use these rules to
exploit the weak areas of a batsman.
If length = “full toss” » Keeping in view the weak and strong areas
Not convincing of other team batsman, selection of best
Elseif length = “full length” bowlers can be made.
If direction = “off side”
Convincing These rules were presented to Imran Nazir & other
Elseif direction = “middle stump” stake holders in Pakistan Cricket Board (PCB), who
Not convincing validated and appreciated the results.
End if
Elseif length= “good length” Confusion Metrics for the Case Study are as under:

”

If bowler = fast and direction = “affump
and shot tried = “cover drive”
Convincing
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Training Data References
Predicted Class Borisov, A., Chikalov, I., Eruhimov, V., & Tuv, E. (B5).
True Class_comvincing ot canvincing Performance and scalability analysis of tree-based
convincing | 3136 24 3180 models in Large-Scale Data-Mining Problems.
not convineing 38 1003 1047 International Technology Journal, 9(2), 143-151.
3194 1027 4221

Chen et al, 1998 Internet browsing and searchingr Us
Test Data evaluations of category map and concept space
techniques. Journal of the American Society for

Predicted Class Information Sciences (JASIS), 49(7).
True Class comvincing not comvincing
comvincing 5 1 38 Bhavani  Thuraisingham, "Web  Data  Mining:
not convincing 1 13 14 Technologies and Their Applications to Counter-
36 14 50 terrorism," CRC Press, FL, 2003.

«  On Training Data the class “Convincing” is Cricinfo www.cricinfo.comFeb. 2010
miss-Classified only 24 times and class

N i ; : e Cris .crisp-dm.org/Process/index.htfeb. 2010
“Not Convincing” is miss-classified 38 P H-Cisk g index

times. So miss-classification is 1.47% 0N pan Jiawei and Micheline Kamber (2006) Data Mining

Training Data. Concepts and Techniques

¢« On Test / Validation Data both of the K. Solieman, Osama. (2006) Data mining in Sports
classes have been miss-classified once and

the miss-classification is mere 4.00 %. Kohavi Ron , Foster J. Provost : ,1998 Guest Editors
Introduction: On Applied Research in Machine
Learning. Machine Learning 30(2-3): 127-132 (1998)

4. CONCLUSIONS MSDN  Validating  Data

Mining Models

msdn.microsoft.com/en-us/library/ms174493.aspx . Feb

Although traditional business organizations has 2010
immensely benefited from the use of data minirgy, it

application in the world of sports is still in imgy.  Rose Quinlan (1996): Top Ten Algorithms in Data méni

But the situation is changing rapidly. Data mining

has started showing great value in many dimensionsK Murthy (1998)* Automatic construction of decisio

to organizations in the sports world and the recent
future will undoubtedly bring increased research as
well as commercial opportunities in the area of
Sports Data Mining.

In this paper, it has been shown that data mining
could successfully be used to analyse and enhance
the performance of any batsman. In the future this
technique could also be used to analyse the
performance of bowlers, fielders, wicket keepers.
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Abstract

This paper introduced a novel sport simulation eystvhich provides an actual physical trail of tipers
performance to be enacted. The case of spatiallglacable suspended mechanism is addressed. The ma
specifications for this parallel manipulator hawveeb the prescribed workspace for each of the 6edegf
freedoms. For such training, there are some fislito move the end-effector according to the kifid
simulation including athlete in the workspace. Tpéper describes the study of the reachable wockspha
cable-suspended parallel robot and the workspaderwstudy is defined as the set of all end-effepmses
satisfying tension-ability condition. Since there aome limitations on the external wrench anddyrm@amic
motion of the end-effector, such a workspace isrtust desirable workspace for the intended apjpdicat
simulating athlete dynamics. Finally, in order wligate the proposed mechanism dynamic investigato
considered in workspace determination and the dabbes are computed to observe the relevancet ttestlie
athlete’s position during the simulated trajectory.

Keywords: Sport simulation, cable suspended robot, Dynamoikspace

1. INTRODUCTION observed cases of developing systems for PC and
laptop- based modes of interaction.
Some kinds of sports are popular pastime for manyThe flight simulation is probably the most
people. However it requires a large amount of spaceepresentative application of the interactive visua
and/or specialized facilities. In some urban atea i simulator (Roman, 1999). This simulator was built
may be difficult to find the necessary space towith a complex and effective motion system to
participate in these sports. Moreover, specializedgenerate the realistic feeling of takeoff, landamy
facilities may be expensive to build and maintain. in-flight turbulence. This manipulator was first
Additionally, Sports almost is subject to the weath presented by Stewart in 1965 and called Stewart
daylight and direct participation in the sport niy  Platform Based Manipulator thereafter. This patalle
dangerous and cause injuries. robot provides several distinct advantages over
conventional serial robot. Parallel machines are
Accordingly, there is a need for an alternative tocharacterized by having multiple closed kinematic
traditional sport that is not subject to the dragksa chains and actuate a subset of their joints. Due to
noted above. To explore these aspects, we focus othis general arrangement, a parallel manipulator
robotic mechanisms as sport simulators. This clas$iolds the potential for greater stiffness and highe
of systems allows people to practice their hobby byspeed and payload for a given weight. However,
using real clubs into a screen projection of a tsporworkspace is typically substantially smaller thhaatt
course. Naturally, building such a system will take of a similar serial machine.
on a different character than the more commonly
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Cable array robots are a class of parallel2. MULTIPLE DOF POSITIONING

manipulators which utilize multiple actuated cables MECHANISM IN SPORT SIMULATION

to manipulate objects. They usually have a lower

moving inertia when compared to its rigid link The paper is to present an architecture and
counterpart. Moreover, it has large workspace. Formechanism to design a simulator on sport area and
sport simulators, it is necessary to attain enoughprovides sport cases of designing for interactive
motion space. The flexibility of a cable allows the settings where embodied performance is a central
replacement of mechanical joints in the design. property, and how this influences the activity of
They are ideally suited for large scale application programming. We examine a sport simulator setting,
This robot consist of a fixed base and a centrally-which is a case where the target activity is hgavil
located end-effector, attached to moving payload,based on physical action and full body interaction.
connect to cables whose tension is maintained alonghe operational simulation is an operational
the tracked trajectory. Dealing with this mechanismassistance system, which is to train the operaifon
SPIDAR is designed to investigate the effect of themanipulating safely. Such systems include sports
force feedback from the environment to an operatorarcade games, simulators, and training applications
on task performance. However, the performance offor different settings requires users to engage in
the mechanism itself was not of their interesthiils extensive bodily engagement to interact with a
Nakata & Sato0,1994). computational system.

The cable array mechanisms have been studied iifthe aim is to explore the multitude of use settings
the context of applications such as a virtual sport that developers may need to relate to roboticss Thi
machine. A virtual tennis system which uses radialparallel manipulator meets the above needs and
cable drive mechanism to enlarge the motion area isvoids the disadvantages and drawbacks of the prior
designed (Kawamura, Ida, Wada, & Wu, 1995). A art. The novel sport simulation system provides an
versatile cable robot as a haptic interface wasactual physical trail of the sport performance & b
developed for sport simulation (Zitzewitz, Rauter, enacted. These parallel manipulators relate to
Steiner, Brunschweiler, & Riener, 2009). apparatus for simulating a sport activity and more
There are many papers in the literature whichparticularly an interactive sports simulator system
discuss the defining characteristics and the ingmdrt  which provides an actual physical trial of the $por
issues relating to this class of robots. Some efrith performance to be enacted.

are interested in the case of sport simulation. ThelThe motion platform is an important sensory device
computing load carrying capacity of cable parallel for the trainee to fully immerse himself into the
robotic manipulators (Korayem, Bamdad, 2009), training scenario. The platform is able to deliger
workspace analysis (Barrette, Gosselin, 2005) ardDOF postures to the trainee, including rotationd an
seen in the theoretical literature. The ideal modelshifts with respect to X-, Y- and Z-axis. The syste
includes rigid elements. Elastic cable will tendsémy  can simulate the situation of acceleration, vilorati
under its own weight. The effect of cable sag couldand turn over etc.

be reduced by requiring non-zero minimum tensionRather than documenting the practices in detail, we
values (Korayem, Bamdad, & Saadat, 2007). have chosen to describe specific themes of theecabl
Determining the workspace of cable actuated robotsuspended robot, pointing at how they illuminate
can be more complex than for conventional parallelcertain aspects and challenges that designersthave
robots, as the cable actuators can only apply $orceface when designing for such settings. For example
when in tension. In this paper, the reachableit will be easy to provide a frame including
workspace is studied. One particular type of cableadjustment means to adjust the inclination of the
array robot with six cables is presented in detailframe relative to a horizontal plane. Through this
including kinematic relations and static modelling. paper we attempt to contribute to an understanding
The shape, boundary, dimensions, and volume of thef some of the dimensions involved in sport
workspace of this cable robot are displayed. Asimulators, and in particular, the interplay betwee
simulation system for simulating sport virtual igal  designing practice and its resources, the physical
experiences is done. These results are discussed axperiences, and the motion style contexts of the
detail based on the sport simulator. interactive devices.
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“cable” pulling downward with constant tension .the
cable robots with fewer cables offer greater
simplicity and larger workspaces. Overall, IRPM
robots are often preferable. The objectives of this
paper are to develop a general algorithm to gemerat
the workspace. Here, the research is focused on
IRPM cable robots.

4 CABLE ROBOT KINEMATICS

Figure 1: Cable Robot plays a role of trainer Cable robots are relatively simple in form, with
multiple cables attached to a mobile platform as
illustrated in Figure. 2.
The Inverse Jacobian matrix is a position and
orientation dependent matrix and for parallel

mechanisms it is found to be
3 CLASSIFICATION OF CABLE ROBOTS "

ul um
The cable robot is a parallel man_ipulator c_onsgstin J [[rl x]ul [rm x]um (1)
of an upper base plate and a fixed moving plate,
which are connected together by six cables like
adjustable links. This manipulator can be expandedN
and contracted individually to control the gestafe  lengthsiy,l,,.. 1, .
the platform.
Basgd on the number of cables (m) and the numbef feature of parallel robots is that it is difficub

of degrees of freedom (n), the cable actuated sobotObtain Jacobian, where at the inverse Jacobian is
were classified into four ca'tegorieS' common. Inverse kinematics of cable-suspended

. L S robot is computationally simpler to solve compared
1) Incompletely Restrained Positioning Neqism : . . . .
) P y 9 to forward kinematics. The forward kinematics

here u,,u,,...u,, are unit vectors along the cable

m

m<n+l equations for parallel mechanism are usually ddrive

2) Completely Restrained Positioning Menfsan : as a set of implicit equations, or a set of retdyiv

m=n+l complex epr|C|t.expreSS|ons. Due to the nature of
parallel mechanisms, a complete analysis of the

3) Redundantly Restrained Positioning Maeism : forward kinematics model may be impractical.

m> n+1 The position and orientation of the moving platform

is known in inverse kinematics and the problenois t
determine the cable lengths. The architecture of a
mzn+l six-cable robot and reference frames are desciibed

Here, an aluminium plate is supported by six steeIF'g“_re' 2. All six cabl_es connect from the baséht
cables whose ends are rolled by pulleys conneoted tM0Ving platform. As is common knowledge:

D.C. motors. Seven actuators are necessary anqjio =H +a’ -b°

sufficient to produce forces and torques with six @)
degrees of freedom. A fully constrained cable robot (i =1,...m)

possesses more cables, and therefore presentsrgreat
risk of cable interference, and therefore limitg th

usable wprkspace. '_I'he mech_amcal arch_ltecture an oving platform with respect to center of the base
computations also increase in complexity for full

constraint. platform. a’, bPare the position vectors of
The fewer cables are used to help avoid cableconnection points of the cablie on the moving
interference problems by taking advantage of theplatform and base platform relative to the refeeenc
end-effector’'s weight, which acts similarly to a frameOg .

4) Fully Restrained Positioning Mechanism :

here H is the position vector of the centroid
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a° :R(w,9,¢)ri (3)
where R(,6,4) present the rotation matrix about
base coordinate frame amglis the moving platform

fixed vector to the connecting points. In order to
develop the kinematics of six-cable robot, consider
that:

o =[,.y:.0] " b =[b sin )b cost ),§"

4
H =[0,0,h]" .

A. INVERSE KINEMATICS

for finding the position of the robot attachmentl A
numerical calculations were performed in
MATLAB.

5 WORKSPACE ANALYSIS

All the end effector position of the simulator
according to its current position, velocity,
acceleration, altitude, and gravity must calculate
during the operation. The most essential issue in
cable-suspended robots is maintaining the cables
tensions. Thus, wrench exertion and cable length
constraints limit the workspace.

The equations for the analytic cable lengths can b&yorkspace for parallel robots is typically genedate

written in the following form:
X —bsin@))” +(y;-bcosf )" +h“ =|
(x4 ) +(v2 ) +nZ=1?
X1 +bsin@))” +(y,;—bcosfr )”+h- =|
(x4 ) +(v1 ) +nZ=17?
(x2-b)*+(y) +n? =13

(x,+b)? +(y,)* +h2 =12
(x3—bsin(a))2+(y3+bcos¢r )2+h2:I52
(x3+bsin@))* +(y3+b costr > +h? =1

(5)

B. FORWARD KINEMATICS
From (5), x; (i =1-23)for this robot is found as:

_(F-17)
db sin(@)
_15-13
2T
2 12 (6)
_lg-1g
X3 =
db sin()

The coordinates shoulde satisfied by the platform
geometry constraints:

(x,y1h).(x2.y 20) (x 3y 3h)

The position of the connection points on the
manipulator shouldn't be varied. The moving
platform equilateral triangle side with cable
connections is considered as extra equations.

With substituting (6) into (5), nonlinear equations

computationally, due to the high complexity of the
geometry and for cable-suspended robots the
workspace calculation is related to static equiilifor
because of the fact that cables can not sustain
compressive forces.

The workspace of a robotic system is defined as the
volume that the moving platform reference point can
reach. In the literature, with classification ofbt=a
actuated robots, a number of different workspaces
had been studied. The reachable workspace is the
largest workspace definable, and is the set of all
points that can be reached in at least one orientat
regardless of the required orientation of the platf

at that point, or ability to change orientations.

The less dexterous regions of the workspace
corresponded to poses of the manipulator that are
near singular configurations. As a result, there ar
additional constraints that must be satisfied ideor

for the robot to be in a non-singular pose.

Generally the moving platform may not be in
equilibrium at a point in the workspace, whereas fo
a cable-suspended robotic system, the moving
platform for all points in the workspace is
equilibrated. The following conditions must be
satisfied in order for a point to be within the
workspace.

1- Tension forces must be above the cable
pretension, also the maximum tension is considered
for all cables.

2- The cables must be capable of exerting a pesitiv
wrench on the platform. All cable tensions must be
non-negative to equilibrate the moving platform for
an applied force.

3- All active cables must remain in tension to be
effective for equilibrium or dynamically motions.

will be appeared. This system of equations can berpe end-effector may not be in equilibrium at a

solved numerically using Newton-Raphson method

point in the reachable workspace because of the fac
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)

Figure. 2. (a) A schematic of the 6-cable robot Alschematic of the base platform

that cables can not sustain compressive forces. Fahe second being more of an information seeking
this reason, there is a need for defining andmode of interaction.

calculating the statically reachable workspace. It is possible to equilibrate the end-effector &ir

All cable tensions must be non-negative to points in the reachable workspace when we define a
equilibrate the end-effector for an applied fortke  statically reachable workspace.

volume and boundaries of the statically reachableThis section presents statics modeling for the t.obo
workspace depend on the direction of the forcesPrinciple of virtual work will be applied to finché
acting on the end-effector. Statically reachabletension values caused by the wrench on the platform
workspace is directly related with static equilibmi Since the virtual displacements are related to the

of the system given in next section. Jacobian matrix. The static balance equation is:
J'THW, =0 (7)
6 STATICANALYSIS When the external wrenchw,, =(F,,M )t is

In this case the target activity is heavily based o available to tighten the cables, the catdasions
physical action and full body interaction. For are denoted by=(T,T,,..T}-

example an interactive golf simulator environment i The static equations include of wrench balance on
used by individuals. A golf course in combination platform is used to find the force of each cable fo
with a sensor-based device for capturing the paysic planar model. The force equations for the platform
properties of the golf shot, such as ball speedcan be easily expressed as:

direction, and spin, to calculate the trajectorglan m (8)
indicate where in the simulated environment thé bal T + F =0

will end up. The setup of the system provides aniZ

interactive context that involves two distinctly

separate modes of interaction, first, hitting gibts m

to actually play the game, and second, interacting » R(@)r; xT; +M =0 (9)
with the simulation to carry out the actions =

necessary to play in the manner one wants. Thie firs

being a highly physical mode of interaction while
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Moreover the elevation of end effector (rocket) can
7 SIMULATION be varied during the motion.

For a complete description of static workspacés it
In this section, a three-dimensional manipulatdhwi divided to some layers. Each Z level is considered
six cables is considered. For each cable, theee is one layer in workspace. The tension norm of cables
separate winch and pulley. The end effector cagies is an important parameter to determine the suitable
member of body or sport device like hand, rocket. | operation elevation.
is kinematically constrained by maintaining tension
in all six supporting cables. The suspended movable

platform and the overhead support are typically tw Z(m) Tension Norm (N)
equilateral triangles. 0.5 15.22
The mechanism is shown in a virtual reality 1 11.62

environment in Figure. 3. In this environment the
effects of degrees of freedom and the position c.
rocket are described with cable forces. Graphically
displays articulated geometric figures and allows

them to be plaqed 'and manipulated n-a V'rtuaIEach cable is tensioned by a motor-pulley direct-
environment, This virtual world contains a fully grive system placed on the base platform. According
functlonal model of robot_, a3-D traclgng dgwcedan to Table 1, motor efforts can be selected.

other inputs sensors in sport simulatioihe  rpe yinematics and the statics of cable-suspended

simulated environment will have the advantage of a,p,t5 have been analyze@ur theoretical study of
knowledge based reactive planner. The knowledge, particular cable-suspended robot has been

based planner allows for flexible and reactive jqortaken and to confirm the theory  with

planning in an unstructured real world domain. experiments, an experiment test-bed of a planar
cable suspended robot is fabricated and experiinenta
tests have experienced the feasibility of the cable
system design and proposed modeksordyem,
Bamdad & Zehtab, 20)0

The robot workspace refers to the region in which
the robot can operate, which is a defined volunne fo
spatial manipulators. Workspace was computed
using a numerical method. To calculate the
workspace, one can either use the idea of null
vectors or static equilibrium equations. Idea ofl nu
vectors is very useful when the system is fully
constrained.

The side lengths of equilateral triangle shapea bas
. , and moving platforms are respectively 1.19 m and
[\hkea\r’nam‘cerzu—wmz waik = PusOOlDZZ»Z‘W] Dirl-004 -096.028] 0 17m In thIS Case, the Workspace area |S
characterized as the set of points where the ddntro
of the moving platformO, can reach with tensions

One type of static workspace can be defined by thén all suspension cables. By changing the
task required at the set of all points within the coordinates of O, the workspaceshape can be
workspace. The constant orientation workspace i%xpressed in 2D space by a series of dots (Figure 4
defined for a particular orientation of the platfor

and is the set of points that can be reachedhby

centroid of the moving platformwhen the

orientation of the moving platform is kept constant

Here, all rotation angles are assumed to be zero in

order to make a stable situation for trainee.

15 10.87

Table 1: Tension norm in different levels Z

S oEs

Figure 3: Virtual Reality Toolbox viewer
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The raising degrees of the yaw roll and pitch will
cause hazard situation if the angle is over some
safety value. The calculation of cable tension by
equations in Section 3 is applied. In this way, the

Figure 4: The planar workspace for Z=1 m
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cables tensions are depicted in Figures 5-11.
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machines have a large workspace and enough space
for sport player swings is guarantied. The workspac
determination plays a very important role in the
sport simulation.
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events is considered. The planning mechanism and

developing a virtual representation allows for both

autonomous planning as well as planning through

human-machine interaction.

According to the actual physical trail of the sport

performance, the target activity is heavily based o

physical action and full body interaction. These

X (m)
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Abstract

Tournament roulette is a special type of roulettgetition run by some casinos. Competitors play geries
of roulette games in which some competitors ammishted at the end of each game. A game consis?s of
spins of the wheel followed by an unspecified numifespins until one of seven key numbers on theekh
occurs to end the game. The essential strategiesrisider are what to do in the end game depenaling
whether or not a competitor is in the possible mlation group.

Keywords: roulette, probability

1. INTRODUCTION used by players to place their bets using special
roulette chips. The lay-out for the area to plaetsb

Roulette is a gambling game in which a wheel isis shown in Figure 2.

spun about a vertical axis. In Australia and Europe

there are 37 slots in the wheel for a white bafalb

into indicating the winning number from 0 to 36.

The lay-out for the wheel is shown in Figure 1.

Figure 2: The betting lay-out

At my local casino the roulette tables have regentl
been removed and replaced by computer screens for
placing bets and observing the wheel. Tournament
roulette is no longer available.

Figure 1: The Australian and European wheel = Tournament roulette is a competition organised
usually by a casino over a number of elimination

Up until recently the wheel was situated at one endgames so that six competitors will meet at a reeilet
of a long table with the remainder of the tablenigei table for the final. Each elimination game involves
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six players with the top two progressing after the Straight up: A bet placed on any single number

first round of games and the top three progressingncluding zero pays 35 to 1.

from there on. Split: A bet on any two adjacent numbers on the
table pays 17 to 1.

Players pay the same fee ($250) to enter, andeat thStreet: A bet covering a row of three adjacent

beginning of each game are each given chips to theumbers pays 11 to 1.

non-redeemable nominal value of $2000. With 144Corner: A bet covering a square of four adjacent

players entering, all the entry fees are distridiae = numbers pays 8 to 1.

prize money in the following way after the end of Six Line: A bet covering any rectangle of two

the final. adjacent rows pays 5 to 1.
Column: A bet covering any column of 12 numbers

First place $20000 pays 2 to 1.
Second place $7000 Dozen: A bet covering a series of 12 consecutive
Third place $5000 numbers starting with either 1, 13 or 25 pays 2.to
Fourth place $2000 Even chances. A bet covering a group of 18
Fifth place $1500 numbers such as red or black, even or odd, tor18 o
Sixth place $500 bottom 18 (not zero) pays even money.

The casino takes zero percentage and uses the evedr each spin, the wheel is spun one way and the

as a marketing tool. ball is projected in the opposite direction until i
comes to rest in a numbered slot, thus determining
2. THE TOURNAMENT the winning number. All losing bets are first of al

removed from the betting table by the croupier, and
Each round of the tournament consists of a numbethen the winning bets are paid out in chips.
of games where the field of competitors is reduced
in size. Each game has a basic section of 25 spingl. STRATEGIESFOR THE FIRST 25 SPINS
Players must bet at least $5 on each spin and no
more than $1000. At the end of the 25 spins theBy calculating the expected gain for each typeetf b
amount left with each player is totalled and it is seen that, no matter how bets are placed, the
announced to all. Then follows the end-gameexpected loss will always be exactly 1/37 or 2.7%
section. approximately in the long run. Now 25 spins is aot
particularly long run, but it is long enough to gegt
In the end game, the competition continues un#&# on that some competitors who place big bets may wipe
of seven key numbers (0, 5, 8, 17, 20, 29, 32) somethemselves out early. Therefore a good strategy for
up and then the game terminates. The game alsthe first 10 spins is to place only one $5 bet on a
terminates when no key number arises after 20even-money chance each time, and watch to see if
minutes of the end game. The players with the topsome players drop out. If a humber do drop out then
two amounts in each game of the first round heatsthe number of opponents to watch in the end game is
and the top three amounts in each game ofreduced significantly. Using this strategy, th&alko
subsequent rounds, progress to the next round wherehip value for the $5-bet player should stay near

they again start with $2000 in chips. $2000. However if two players in a first round heat
or three players in a subsequent round heat, make
3. THE ODDS lucky big bets early on that take them well past

$2000, the $5-bet player must now take some action
The Australian roulette wheel has 18 black numbersto try to catch up gradually before 25 spins have
18 red numbers and only one zero. Therefore thepassed.
probability of a particular number coming up isnl i
37 or approximately 2.7%. This is the house marginTo help decide on possible actions a computer
for normal roulette. program was written so that the Roulette tournament
could be simulated. There were six places available
Bets may be made on various combinations offor players, but three of these slots were used for
numbers (singles, doubles, triples, fours, sixes,pre-determined types of players. One player doubled
twelves and eighteens) and some of these are givehis bets when he lost and only went back to his
roulette names such as split, street, corner,Téte.  original bet when he won, another used a less-risky
pay-out for each betting category is as follows: Martingale system, while a third bet wildly at
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random. The remaining slots were used by mycentral column). This will gain $500 with a
colleagues and me to try out our various strategies probability 24/37 of occurring. On the other hand a
A possible catch—up strategy is to place $540 orbet of $100 on each key number gives a return of
numbers 1 to 18, and $360 on numbers 25 to 36. Th&2900, but the probability for this is only 7/37otd
expected gain is still the same as betting $30 @n 3 that the expected gain in all cases is still (-1/87
different numbers, that is -1/37 x $900. However it Amount Bet.

is far easier and quicker to place bets on twoepac

rather than 30. If any of these 30 numbers comes up. CONCLUSIONS

the gain is $180, and the high probability of this

occurring is 30/37 or approximately 81%. Of course, When playing in a roulette tournament the aim of
if any of the other seven numbers (0, 19 to 24)eom any player is to progress through each round to
up then the loss is $900. In this case put $1008@mon eventually participate in the final.

even-money chance and pray or hope. The simplest strategy in the early part of the gé&@ne
to wait for other players to wipe themselves ont] a
5. STRATEGIESFOR THE END GAME this is a definite possibility. Approaching the ewfd

the first 25 spins, players should endeavour t@be

A clever player notes that there are four black keycurrent qualifier or near to the lowest current

numbers, only two red key numbers, zero, and six ofqualifier.

the key numbers are in the central column of the

betting matrix in Figure 2. These facts may beuisef Strategies in the end game should take account of

when trying to decide on betting strategies beforethe key numbers, and bets should be made to try to

each spin of the end game. stay within the qualifiers or reach that positiom o
the next spin.

At each stage of the end game players must try to

ascertain whether they are within or outside theAlthough luck plays a primary pivotal role in the

qualifying group and by how much. game of roulette, we believe that mathematical
strategies can play a secondary role, and this

When they are within the qualifying group, they sometimes tips the balance in close decision-making

should gauge their lead over the nearest curremt no situations.

gualifier and place $5 on each key number. Thi$ wil

cost them only $35 if a key number doesn’t come up7. ACKNOWLEDGEMENTS

but if a key number comes up to end the game they

will profit by $145. The author acknowledges the co-operation of his
colleague, Graham McMahon, in developing the

When they are outside the qualifying group theee ar computer simulation and suggesting some of the

a number of strategies to use depending on how fastrategies outlined in this paper.

they are outside. Betting on the key numbers will

produce profits which are $(35 times N), where N is

the amount bet on each key number. Players must

add extra amounts to match the amounts placed by

the nearest current qualifier on any particular key

number. For example, suppose a current non-

qualifying player is $650 behind the nearest curren

qualifier, who places $5 on number 20 together with

other bets spread across the table. The non-

qualifying player could place $30 on number 20 and

$25 on each of the other key numbers. If a key

number comes up the gain will be $725. The loss

will be only $180 if a key number does not come up,

and the game is still on.

When the deficit to the nearest current qualifer i
too big, the non-qualifiers could place $500 onheac
outside column and hope that a key nhumber doesn’t
come up (or one of those other pesky numbers in the
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Abstract

The game of touch football was modelled using &sef modified Markov states. The aim of this made
provide a framework allowing model expansion tocact for additional game states, time dependende an
displacement dependence. The model was designedllder adaptation by application of alternative
displacement and time dimensional distributionspldicement and time dimensional distribution patarse
and state change probabilities. This would allowmithn to the model according to other variousestydf
team play and associated levels and compositiotearhs. Due to the state based nature of the Markov
processes involved, the model will be more intesigivanalysed in following papers focusing on more
effectively analysing each state in turn. The gifahis model however is to produce a starting amrk to
allow for future development in modelling the spaofrtouch football.

Keywords: Touch Football, Sport, Modelling, Markov States

1. INTRODUCTION Much of the touch football within these countriss i

of a more casual nature or used primarily as a
Touch football is one of the most extensively pthye training tool for other sports. Touch as a spod ha
sports in Australasia. In Australia touch is playgd  grown rapidly within Australia (Philips 2000). This
over a quarter of a million registered touch player growth seems to be replicated to some extent in
half a million school children and up to 100,000 these other countries; however the greatest density
casual players (Australian Human Rights of participants is still in Australasia.
Commission, 2007 and Touch Football Australia,
retrieved 2010). Touch is mainly popular in those Despite the large involvement in touch, very little
states in which rugby league is also popularAustralasian sports research has been conducted on
(Queensland, New South Wales and ACT), which isthis sport when compared to the main professional
not surprising given its origins as a training atyi sports played in Australia and New Zealand. Much
for this sport (Mathesius & Strand 1994). While work has been done on developing theoretical and
New Zealand has less touch players than Austiglia, practical modelling systems in sports such as AFL,
is still the largest participation sport within ¢hi rugby league, rugby union, hockey, cricket,
country with over 230,000 New Zealanders playing basketball, squash, tennis, golf and others. The
the game. This includes 70,000 under 17 year oldsnajority of published research related to touch
and 160,000 adult players (Touch New Zealand,football is based on injuries associated with the
retrieved 2010). The running of this sport also sport, or use of touch players as a subject group t
involves a vast number of hours devoted by supportest some experimental intervention in fairly
personnel such as team coaches, team managerstandard study design. This is not surprising
referees, selectors and administrators. Touchsis al considering the large number of touch players
played in other Australasian countries such asavailable. However limited published research has
Samoa, Fiji, The Cook lIslands, and Papua Newbeen done on the sport itself. One paper that has
Guinea. Countries such as South Africa, England,been published Mathesius and Strand 1994 (when
Wales, Scotland, USA, Japan, amongst others alstouch football was called touch rugby in Austraha,
regularly enter teams in international tournaments.name still used for it in many other countrieshésv
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sadly outdated as the game has changedfter the scoring of a try, it is also a game where
considerably. Due to the immense volume of timeunlimited substitutions (from within a team
devoted to this sport, particularly by the peopfe o consisting of a limited number of players and
Australasia, there is a need for a basic framevimrk sometimes limited by gender) are allowed. In order
model development for the sport. to maintain optimal intensity within a game, it is
usually necessary to substitute players during
Many invasion type games, in particular sports suchvarious phases of the game whilst minimising
as hockey, basketball and football codes can be spldisruption of the purposes of these phases. Therefo
into set phases of game play. This is particularlysome phases will represent the switching of players
easy for a sport such as gridiron where the veoytsp on a team in either attack or defence. In some
is designed around set plays. Most other invasiorversions of the game of touch, player fatigue s al
games can also be split into several distinctmanaged with a break at half time, while in other
components. For example in the game of rugbytournaments the teams switch ends of the field and
union different set pieces as well as broken play ( restart play at halfway with every touch down and
non-set piece play) will have different outcome there is no half time period (Federation Internzdio
probabilities for different offensive-defensive tea Touch Inc. 2003, Touch Football Australia 2007).
combinations dependant on various factors at anyThe version played would affect fatigue
given point in the game, such as for example gamemanagement and the importance of substitutions.
score, field position, fatigue and time remainifry.  The half-time break is usually used at higher level
fact a myriad of different factors make modellifig o tournaments and this half-time period can be
most team sports exceedingly complex and this isconsidered as another phase of the game. There is
particularly so for invasion type sports. Touch also a phase of play following a tap-off to resthe
football is such a sport and may be modelled aggame at half time and a phase of play following a
having several components. The first of thesepenalty.
components would be a driving phase in which a
team aims, amongst other goals (such as gaining @he author hopes to start with a basic systemhier t
repeat set of touches via an infringement leading t various stages of the game of touch and expand on
penalty against the opposition), to gain field gosi  this systems. If it can be shown to be approptiate
from which to enable both execution of scoring model a stage of the game in this way, the prospect
plays and ensuring less probability of their of expanding the model with investigation of
opposition scoring as play is at a larger distancedifferent stages and looking at other eventualities
from the scoreline. During this phase, the defensiv that present themselves within the sport can be
team has their own corresponding phase of play irrealised. If a working model for the stages of this
which they attempt to both reduce the field invasion sport can be developed and represented via
possession gained by the attacking team in order ta Markov Chain then future research can expand this
reduce the attacking options of this team andmodel to other invasion sports mentioned. Many
additionally ensure that when they are given theircharacteristics of the other invasion sports asgezh
limited touches they are deeper in oppositionby touch football and this will ease adaption.
territory. A secondary, but nethertheless importantCertainly these vary across the different sports, b
goal, for the defending team, within this phase iscan include limited tackle (touch) counts/plays, a
also to defend against any potential scoring plags single points scoring method, and a game that is
attacking team will attempt to execute, even if far played over a limited time span. Additionally the
from the try line. The next phase of the game todifferent offensive and defensive alignments and
consider would be line attack. In this phase of thetheir preferential defence of certain attackingap
game the attacking team is no longer focused oror choice of certain offensive methodologies in
gaining field possession. They have already reachedridiron closely parallel preferential options and
an appropriate distance from the defensive trytine patterns in line attack/line defence in touch faditb
orchestrate a scoring play. For the defenders thigsee Walsh 2010). Other factors include importance
phase of the game would be referred to as lineof field territory, use of and a limit (either sty
defence. There is also the ability to manage playenumerical or using conjoint numerical and
fatigue and optimal application of personnel via displacement based systems) to the amount of
substituting players while simultaneously plays/downs, both games being conducted over a set
completing driving plays or the defence to theseperiod of time, scoring by crossing a certain line,
plays. While touch football is a game where playersrequirements of choice of defenders to preferdptial
may be freely substituted during the stoppage timedefend certain players/zones in man on man, uneven
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or a compressed defence. By its very nature theg spogames). These latter issues would have particular
of Gridiron (and ‘American Touch Football’) is relevance if such a model was expanded to other
highly suited to adaption as a Markov Chain as bysports. Rugby league in particular is similar tocto
its very nature it is split into discrete standro football in its basic framework of a tackle, as
plays. Markov Chains have been used to modelopposed to a touch count. Touch football in fact
many different systems in many different academicoriginally evolved from rugby league (Mathesius
fields. In sports, they have had particular sucéess and Strand 1994). With its high commercial
many years in net games, such as squash, badmintdalevision exposure, in the future it is not
and tennis (for example Schutz 1970, Schutz &inconceivable that some form of statistical
Kinsey 1977, Clarke 1979, Croucher 1982, Pollardmodelling or Markov based probability distribution
1985, Pollard 1987 and Wright 1988). This researchfunction process will be used for such allocations.
has continued progressing over the last 30 yeags (e
Newton & Islam 2009), however touch football has Terminology used in this paper is based around FIT
never been looked at in this manner. (Federation International Touch Inc., 2003) and
Touch Football Australia playing rules” Zdition
If a Markov model for touch can be designed and(Touch Football Australia, 2007). For the reader
shown to represent the probability distribution of unfamiliar with the game the terms: toss, tap,
any future state given the current state then thigollball, touch count, ruck, half (player who takes
could have several practical uses in the futuréhdf  possession of the ball behind the player who
model is sufficiently complex to fit game data well performs the rollball), ‘period of time’ dismissaf
probabilities of relevance can be simulated as aremainder of the match’ dismissal (player sent off
probability distribution function. This would temporarily or permanently), drop off, scoreline,
potentially allow for in-game and pre-game strategi touchdown, penalty touchdown, onside, offside,
questions to be resolved. There would be manyinterception, penalty, attacking or defending st a
potential applications for such a system. Numeroughe field dimensions, particularly 5m line and
applications could be used advantageously in ordehalfway line are defined in these publications and
to assist with team coaching and selecting optimatthe reader is referred to these compatible
plays. While the application to coaching will be publications if definition of these terms is recpar
apparent from use of match analysis prevalent inThese publications also make mention of the variety
many professional sports, in touch football thewe a of different rules used in different competitive
a vast number of participants and potential environments. The lack of one set system of rides i
assistance in selecting representative players ain interesting feature from a modelling perspective
various level could in fact be highly beneficiah I The term “park touch” is described to refer to the
fact teams of selectors must watch all majorless elite level of touch football, where more rule
tournaments in order to establish men’s, women’svariations are permitted.
and mixed representative teams at various levals an
many different age groups. The potential for future Usually the most common long range attack
modelling assistance in this talent identification  conducted as a scoring play is the scoop. This is
selection processes is therefore also a considarati when driving plays (or some other effect) have
This could be extended in many directions, such agaused defenders to be in an offside position. The
selecting particular players for facing particular half runs with the ball towards the defending
opposition as well as for executing or nullifying scoreline. This may attract opposing player(s), or
particular plays. Other interesting uses includeattacking players may use agility to escape from
estimating in game win and event probabilities astheir marking defender and the half will attempt to
well as points expectation for certain games. Thesgass to an unmarked player in order that they can
particular points could have potential application  score. Both long range and short range scoringsplay
such features as pre-game as well as in-game sporteay be preceded by a play, the emphasis of which is
betting, deciding games appropriate for televisionnot the scoring of points or advancing the ball
coverage (issues such as the probability of whichtowards the opposition line, but engineering
games are more likely to be high scoring or exgitin circumstances such as particular opposition
games), or allocation of playing areas to differentmovements or ball placement to enhance the
teams during a tournament (tournament controlprobability of scoring on the follow play. In ord&r
allocating fields with the best spectator viewing simplify the nomenclature (for this and future
areas to those games with higher probability ofpapers), the author wishes to borrow a phrase first
being both higher scoring and highly competitive heard used by the Sydney Rebels Touch Technical
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Director (NSW, Australia) and refer to this play as State 1 will be one of two possible states of equal
the “strike dump”. Another concept to consider is likelihood with one of the two teams taking a tdp o
second phase attacks. If an attack is conductdd, biplay. This can have several outcomes, the most
is unsuccessful at scoring, it may still have fdrce likely being that the defending players effect acto

the defending players to be in a poor position foron an attacking player in possession and a rollball
defence. A situation that can be capitalised on bymust be affected with a touch count advanced by 1.
launching a quick attack designed to take advantagé his is the most likely state transition, howevtren

of this misalignment. Such a rapid attack following possibilities are that one of the teams might make
but dependant on, the misalignment caused by therror leading to the touch count being restartetth wi
previous unsuccessful attack is referred to as aa rollball for the attacking team, a penalty father
second phase attack. A further attack aimed ateam, a turnover resulting in a rollball with a
exploiting the defensive structure adopted as altres restarted touch count for the team that was
of this secondary attack would be referred to as adefending, an interception by the team that was
third phase attack. Hypothetically there could exis defending or a try for the attacking team. While
fourth and fifth phase attacks, though the diffigul many of these state changes are unlikely they must
in maintaining momentum and coordinating thesestill be considered. In fact we can consider that
across the attacking team according to theduring the driving phase of play, any of these
hypothetical structure changes of the defensiveoptions can occur as well as after a tap off oatign
teams, as well as the chance of a touchdown oplay. The driving phase of play was therefore
stoppage on an earlier play makes these highlynodelled as having 6 states within a Markov process

unlikely (P~0). representing the touch count for all six touchdse T
first driving state “rollball TO” (with the number
2. METHODS next to T indicating that zero touches had beenemad

by the opposition in this particular touch coungswy
We first need to define the game states required irconsidered replaceable by one of two alternative
order to model the game. State O is self explagator states representing a tap from either a penalty or
namely the determination of the team to start @f v restart from the halfway line. Both of these states
a coin toss. The winning team captain receivesdiffer from a conventional rollball in the distante
possession for the commencement of the first halfdefence must retreat from which the position at
the choice of direction for the first half and the which play is restarted, therefore the metres j@ay
choice of interchange areas for the duration of theadvanced may be distributed differently. Both of
game. Many assumptions are made in this model anthese states have the same outcome options as the
the first of these is that the choice of interchang first rollball state, though the outcome probalat
areas and choice of direction for the first halfrob may slightly differ.
adversely influence the states model. If a situatio
arises for which some environmental or As the touch count progresses the attacking team ha
psychological factor influences the model due totwo primary effective options namely to attempt to
these choices, then this can later be factored Bna continue to focus on territorial advantage or agiem
additional parameter. At a competitive level, feeld to score a touchdown (which may also lead to some
should be situated and both marked and illuminatecadvancement of territorial position even if
in a manner that such a choice should not influencaunsuccessful). This leads to the introduction of
play for reasons of field location. However certain several additional possible states, namely states
environmental factors such as for example sun andepresenting an attempt at a long range attack, a
wind are more difficult to control, so it is fealsb short range or line attack provided field positisn
that such an arrangement could have a smalblppropriate, a touch deliberately allowed to be
influence on the game in certain circumstances.executed by the defending players in order to pet u
Notwithstanding this approximation is still a a more promising line or long range attacking aptio
reasonable one for the purposes of creating atskele (the strike dump) and lastly a second, or laterspha
framework from which to develop a working model attack after an initial unsuccessful line attadke(t
for the sport. Additionally similar assumptions are first phase attacking option). This leads to two
commonly made in other many examples of sportscategories of line attack, those based from a
modelling and yet produce reliable working models deliberately engineered platform and those notiget
(e.g. Noubary 2007). in this way. The probabilities of successful

execution will depend on the particular attack used

and the appropriate nature of the platform used for



Walsh, J. 263

any particular combination of attacking and function. This will reflect the ability of the dafee
defending teams. We have also explained theto return to an onside position and make any other
concept of second (and later) phase attacking playnecessary adjustments. Both the time dependence
As these later phase options are conducted undeaind displacement dependence of this function will
alternative circumstances, logically the probaiktit have a different effect on the probability density
of success will be different to a conventionally distribution for different attacking plays. For sem
attacking option. Therefore this stage of the modelteams and some moves a second phase attack may
will require a unique state and such a logicalbe launched in some circumstances provided
argument follows for the prospective extended staggpossession is retained and the touch is made kéth t
attacks if these are attempted (or even possible)attacking players in a suitable position. Some
These probabilities will also be affected by the defending teams may be more susceptible to such an
actual attacking option chosen requiring either attack than others.
further sub-states or additional parameters in the
probability density function for this particularass Each driving or line attack state requires 6 sualbest
as the model expands. to represent the touch count. Each strike dump or
second phase state requires 5 sub-states to raprese
For each team there is an optimal position todtéti the touch count. The need for only 5 is due to the
a particular line attack. While short range attacksneed for a following line attack or a precedingelin
will need to be conducted 5-7m or very close tg thi attack state. Those states that result in thetmeget
distance from the touch line, some attacks such as of the touch count or a change of possession do not
scoop can potentially be initiated from anywhere onrequire additional sub-states within the current
the field. The probabilities of success depend onmodel.
acceleration, top end speed, avoidance of
deceleration after attaining maximum speed by theThe state model in the results section was thus
scooper and support players (if sufficient distaisce developed (Figure 1). The transition between states
covered to attain top end speed) and coordination ois represented by a arbitrary probability or a
the attack across the team. The primary determinanprobability density function according to the
however will be the distance from the opposition transition involved.
scoreline and the point when the attack is initlate
As the distance increases, the probabilities ofAssuming an error is made, we can assume possible
success will converge towards zero, as the likeltho results are: a recount (i.e. play continues and the
of successful execution reduces dramatically withtouch count is restarted), penalty, turn over,
significant distance from the scoreline. This intercept, send off or player sent for time (we
particular category of attack could be execute@ as assumed the probability of these last two optians a
long range attack as opposed to those that mugt onlbeing equal to zero in this simple model, but tais
be initiated closer to the opponents score line,be expanded in future work). Other than these
namely short range attacks. changes of state, teams have the option to exaoute
attacking play such as a long range attack. We must
In this paper an approximation was made. Duringalso consider the possibility of entering into this
the driving phase teams have the ability to attebmpt state at any phase of play and consider that for
score at any time in their attacking set, thougistmo tactical reasons this is most likely after tieot 5"
usually, as field possession is not optimal and atouches have been made (a play such as a scoop is a
successful score is improbable without field high risk play, but there is less at risk as pcsises
position, this option will be taken on the last, or will most likely be lost anyway).
sometimes second last, touch of the attacking set.
These attacks were classified as long range lindn the event that the line attack is unsuccesgidl a
attacks. Teams also have a range of short range linassuming the touch count has not expired nor some
attacks. In order to initiate these attacks certainother event requiring a turnover of possessiorrgthe
conditions must be met and these will vary fromis a possibility that the attacking team will uée t
team to team. The successful execution of a linefollowing play to execute a second phase attacking
attack will be a function of the distance from the option. The alternative to this is to set up an
scoreline at both the touch it is initiated on dhe  attacking option for the following play or
previous touch. As the model evolves, the time andalternatively attempt an attack that does not
distance between these touches being executed wittapitalize on the disarray in defence caused by the
also need to be factored into the distribution preceding attack; however this is a low probability
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option and therefore an unlikely choice. This lastof possible state change. This diagram relies en th
option, while a poor choice earlier in the touchimd
may however be the only option if no second phasemodel is a framework allowing easy addition or
option is available and thé"Souch has been made.

assumptions detailed in the methods section. The

modification of states. State transfer probabiktyn
most cases dependant on displacement functions that

This model makes the following assumptions: nowill be expressed in a future paper. Some state
substitution is conducted, no players are senbpff
sent for time, there is no drop-off, there are noStates that were not included in the diagram (For
injuries, fatigue is not considered (i.e. no player clarity as these states could be transferred o f

fatigue) and all players are identical within anbea most of the other states) were a half-time (where
(which is certainly not the case). While this is applicable with rule variations) and a full-timetst.

imperfect, it is necessary first to generate a dasi Similarly a touch count expired state was also kept

framework for the game. This framework

transfers were deemed to have near zero probability

is as a hidden state due to the number of states from

designed such that it can easily be expanded iwhich this state could be transitioned to. A

future work.

3. RESULTS

symmetrical state system exists for the opposing
team, for presentation purposes, only one team’s
states were shown. The teams were labelled Team A
and Team B. The state diagram shown is for state

The state transition diagram (Figure 1) was obthine transitions when Team A is in possession of thé bal
Arrows and diodes (selected due to the intuitive Certain states would lead to a change in possession
nature of the symbol) were used to indicate diogcti

Previous State
in Team A’s

Markov State

System

Future

in Team B's

Markov
System

State

State Notes

Touchdown Tap off Restart

Scored Offensg Team B

Interception Turnover of Other

Possession T1 | possibilities for

state  change
exist for
interception

T5 Team A TO Team B Touch  coupt
expired, not|
shown in
diagram.

Stoppage due Turnover of| Other Possible

to Error by| Possession TO| State “Penalty

Offense Awarded to
Defense”

Penalty Turnover of

Awarded to| Possession

Defense Penalty

State zero, the Tap off Restarf P=0.5

coin toss Team B

Touch  count| Roll ball TO Not shown or

expired the states
diagram,
transfer  after
state T5 if
touch is made.

Table 1: States which result in a change of pogsess
from Team A to Team B.

as indicated in Table 1. In this case the statssda
model would continue, but in a symmetrical set of
states for Team B.

State transfer was dependant on the touch count TO-
T5, displacement from the opposition score line and
time. Provisional transfer probability functionsnee
developed for state transfers and these will be
discussed in future work.

4. DISCUSSION

This is an theoretical paper and is designed tm for
the backbone for further, progressively more
realistic, work modelling invasion type games.
Certainly there are a myriad of different effects
which need to be acknowledged, but are
approximated as being zero, as being implicitly
included in the probabilities within the model &r a
being equal for all teams involved. For the purpose
of future expansions to this model consideration of
whether a team is winning or losing and its effact
morale and motivation could be added. If one team
is winning or losing, either by a great deal onzah
amount or the game is close the probabilities of
success may well change due to psychological
reasons. These probabilities may also change due to
the importance of the game. This is hard to remtese
using this simple base model; however it is an area
in which the model could be further expanded.
Hypothetically this could be represented using an
extra construct representing the effect motivation
and morale of the different teams have to alter
performance in each of these: situations. It wdndd
recommended to use an adaptation of the surrender
parameter). (Rump 2008) for psychological issues
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such as these. Player fatigue is also a factorttimt level it is presumed that leading players and/or
model has not considered. It is something that iscoaching staff would possess sufficient ability to
very relevant to the coach who wishes to optimallymake such changes, however if the optimal
manage fatigue while ensuring the best players areffensive and defensive patterns had been selected
in the key field positions at the appropriate tiamel against a particular opponent then a run of unfikel
for as long as they will continue to perform more plays, resulting in a sequence of play which was a
optimally than their non-fatigued replacements. Thelow probability outcome would not result in
differences between different players themselvels an changing the patterns for a highly astute coach may
their abilities to execute certain key plays repnés identify this for what it is, namely a highly undiky
another factor for future expansions to the model.  sequence of events. Therefore, in this case thefuse
a Markov Chain based methodology would still hold
The model can be adapted for a “park touch”, oras valid.
another tournament if rule variations are used by
adding additional states. The adaption to the basid-urther consideration needs to be given to the
framework of the model may not however be distance required for a successful attack. We teed
necessary for most rule variations however as theyonsider scoops, which are longer range attacks and
do not change the categorization of states. Theone might model these using the probability of
change would most likely be implemented by minor gaining a given number of metres and successfully
alteration to the probability function representing off-loading which can be treated similarly to a new
transfer between states. Potentially this could Bks  type of scoring play with a corresponding defence
used for modelling the implications of rule score for each team. For an attack from a dynamic
variations, should changes be considered in theplatform this requires far less distance from the
future. score line. Further work needs to evaluate the
probability changes caused by preceding attacks
A match of many sports is not strictly a Markov with strike dumps as a component of the attacking
Chain. This is because in executing a particularstructure. Particularly focus should be placed on
move or action, the reaction/response of theattack types as there is the possibility of attagki
opposition will be influenced by the previous ango  several times from some sets of six provided that t
of both teams in that position and their outcomes.first attacks retain the ball if unsuccessful (gugick
This is something attacking teams are aware of andelease plays as opposed to some failed long ball
purposefully incorporate into their tactics. An plays which may result in a turn-over due to aufal
example would be conditioning a defence to react tato deliver the ball appropriately to the receiving
a particular action with a particular response tmd player.). Therefore different teams, but partidylar
begin anticipating that they must respond in aatert different attack types will have different probatyil
way. Once this is achieved the same action isoutcome functions requiring further state divisions
executed by the attacker, but altered at the atitic to account for several attacks a team possesses. At
moment in the hope that it is too late for the the moment however, the model views the outcomes
defender to change his anticipated response. Foas probabilities given a short or long range attaok
teams that have played extensively against eaclhis is not incorrect, just a more macroscopic view
other or reviewed each other's performancesAs field position develops, teams can structure an
extensively, this may then not apply to the sameattack using one of these three methods as is
extent as in the situation where they have no priorelevant: a scoop, a strike dump or primary attack
experience of the way the other team plays. In thefollowed by a second phase attack, or an attack fro
situation where the team has a set structure that m a dynamic driving platform.
be followed at all times by the players and progide
that this system is not altered in the game as &tationarity is challenged under certain conditions
response to the actions of the opponents or thgir o the game of touch. For example a team that has just
failed actions, then this game can be modelled as &#een scored against at the start of a game isalylik
Markov Chain. This would also entitle modelling as to change its game plan, however a team losing by 1
a Markov Chain a game for a team which had a setouchdown with one minute left of the game would
structural policy to follow, a policy, which would likely play a more high risk form of game in order
only be reviewed after the game or a gametry and score on its next set of touches. This
conducted amongst players with too limited gamessingularity is also challenged due to the half &t
sense (Piltz, 2003) in order to make tactical ckang time state changes, however by consideration of
throughout the game as play progressed. At a highethese as special situations and keeping trackd ti
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as part of the model (effectively time and Newton, P., Aslam, K., (2009). Monte Carlo tennis: a
displacement are further parallel sub-states)dhis stochastic Markov Chain ModelJournal  of

be accommodated within the parameters of the Quantitative Analysisin Sports, 5(3).

model. Eventually it is hoped that GPS dataNoubay. R.. (2007). Probabilistic analysis of alaab
combined with real time video analysis could be tennis game.Journal of Quantitative Analysis in

.. . . Sport, 3(1)
used for conjoint theoretical and practical future Philips, J., (2000). Sport and future Australastaitture.

development of the model. International Journal of the History of Sport.
17(2&3), 323-332.

5. CONCLUSIONS Piltz, W., (2003). Teaching and coaching using lay'p

Due to the large number of touch players in practice’ approach. In Butler, J., Griffin, L.,

Australasia, the potential international growthttos Lombardo, B., & Nastasi, R., (Eds.Jeaching

sport and the relative absence of research, ediyecia games for understanding in physical education and

sport, 189-200. Reston, VA.: National Association
for Sport and Physical Education.

Pollard, G., (1985). A statistical investigation sffuash.
Research Quarterly for Exercise and Sport, 56, 144-

mathematical modelling of this sport, there are
numerous reasons for developing this particular
study. This paper provides a basic framework for

modelling touch football as a Markov Chain. Due to 150.

the absence of previous work in this area, thedocu pollard, G., (1987). A new tennis scoring system.
has been entirely on developing a framework fas thi Research Quarterly for Exercise and Sport, 58, 229-
model, without specifically detailing transition 233.

probabilities. This however is the next stage ia th Rump, M., (2008). Data clustering for fitting paraers
process of building a workable and practical model. of a Markov Chain model of multi-game playoff

series.Journal of Quantitative Analysis in Sports,
4(1).

SSchutz, R., (1970). A mathematical model for evanhgat
scoring systems with specific relevance to tennis.

A simple score by score workable method could
easily be developed, however it is hoped that thi
model, while requiring further work and less

approximations will eventually be more insightful The Research Quarterly, 41, 552-561.
due to more intensive nature of transitions. Schutz, R., & Kinsey, W., (1977). Comparison of North
American and international squash scoring systems
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Figure 1: A Markov States Model for the Game of @loootball. Arrows and Diodes indicate directidrflow. Several
state transitions have been coloured in this diadoa clarity.
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