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Introduction
Vast amounts of sports data are routinely colleaetaaut players, coaching decisions and

game events. Making sense of this data is impbttethose seeking an edge. By transforming
this data into actionable knowledge, scouts, marsaayed coaches can have a better idea of what
to expect from opponents and be able to use amptagé more effectively. With millions of
dollars riding on the many decisions made withgparts franchise (Lewis, 2003), the sports
environment is ideal for data mining and knowledggnagement approaches. While the
application these approaches to the sports envieahmay be unique and the focus of this
chapter, the topics of data mining and knowledgeagament should certainly be well known to
the reader and form the basis of the approachetisgass.

Background and Motivation

Before the advent of data mining and knowledge mameent techniques, sports
organizations relied almost exclusively on humapestise. It was believed that these domain
experts (coaches, managers and scouts) couldiedfigatonvert their collected data into usable
knowledge. As the different types of data colldajeew in scope, these organizations sought to
find more practical methods to make sense of wiet had. This led first to the employment of
in-house statisticians who created better measiingsrformance and better decision-making
criteria. One way that these measures were ussedorsugment the decision-making of domain
experts with additional knowledge and provide theith a competitive advantage. Armed with
this knowledge, it was not a far step for sportanganizations and fans alike to begin harnessing
more practical methods of extracting knowledge gisiata mining techniques. These newer

techniques allowed organizations to begin to ptguhcticular player matchups and/or forecast



how a player may perform under specific conditioBgorts organizations were sitting on a
wealth of data and needed ways to harness it.

The primary knowledge management and data minicigniques that can be used by sports
organizations include statistical analysis, pattiscovery and outcome prediction. A variety of
non-typical sports data can be similarly monitareduding injury likelihood. One such
example is a biomedical tool piloted by AC Milam, léalian professional soccer club, which
uses software to monitor workouts that helps tdiptelayer injuries (Flinders, 2002). Another
example is software used to monitor sports betbogles for unusual bets which may signal
corrupt officiating or players that are compromig¢addi & Thompson, 2007). Similarly, data
mining researchers have found that physical aitairelates to anticipated physical
performance (Fieltz & Scott, 2003). Every year Naional Football League (NFL) conducts a
“Combine” where prospective college draft playeesran through a series of physical drills in
front of team scouts and coaches. The Combineiat¢bades a mental evaluation of players
called the Wonderlic Personnel Test, which assdbedstellectual capacity of prospects. The
NFL has developed expected Wonderlic scores basednount of intelligence required to play
a particular position; e.g., a quarterback whotbasake a myriad of on-field decisions should
have a higher Wonderlic score (24), than a halfl{aék whose job is to run the ball
(Zimmerman, 1985).

Sport statistics, by themselves can be misleaditigpwt an understanding of their
fundamental meaning. This comes from either impeameasurement of an event or the sports
community’s misuse and over reliance on particstatistics. As evidence, consider the fact that
certain players can build impressive individuatistas yet have little impact on the

performance of the team. The impreciseness otsptatistics can be best illustrated by



baseball’'s Runs Batted In (RBI) statistic which basn long heralded as a cornerstone of
evaluating player contribution. Developed by Bhtborn journalist Henry Chadwick during the
mid-1800s, the RBI was an attempt to quantify gawents and attribute them to particular
players (Lewis, 2003). While Chadwick was moreifemnwith cricket than baseball and had an
incomplete understanding of the game, he managpdpolarize his statistics which were never
seriously questioned until the latter half of tf¥ 2entury. The RBI's imprecise measurement
can be summed up in the following thought experim&uppose two players had the same
batting average, meaning that they hit the balhwthe same percentage of success. Further
suppose that both players are not power hittersdutinely hit for singles, advancing
themselves and their teammates one base at a TiheeRBI is then dependent upon the actions
of those who that batted before them. If team nmamiwvere able to routinely get on base for
one of these players and not for the other, theriitst of our hypothetical players would be
credited with RBIs when their teammates crossedehplate as a consequence of the player’s
hits. The second of our hypothetical players wawdtireceive any RBIs, even though both
players performed the exact same actions. Baspigyar's value on RBI statistics alone would
be a misleading indicator of performance. Besidgseciseness in measuring player
productivity, the sports community has overvalusgl RBI as a measurement of performance in
contract negotiations and player comparisons.aknit until pioneering baseball statistician Bill
James began questioning the RBI, that better mexasunts arose such as the On Base
Percentage (OBP) which measures how often a ptmtsron-base.

Another difficulty with the use of sports statistis how to measure risk. In American
football, a defensive back can either stay in netdfand attempt to intercept the ball or play

solid cover defense. In the first instance, ttayet is taking a risk which can quickly change the



momentum of the game whereas in the second instdreeplayer is playing it safe. However,
by being successful at taking risks and making aejgtions, there is a greater perceived player
value. Quantifying risk taking behavior is a diffit problem.

Another example of statistical imprecision is theasurement the number of defensive
rebounds off missed free-throws in Basketballorder to get a defensive rebound, teammates
must block out opposing players and in doing sey tigpically cannot get the rebound although
their actions arguably make them just as impoitatite accomplishment (Ballard, 2006).
However, given the way in which rebounds are meaklonly the player who gets the ball is
credited with the rebound.

In this chapter, we propose a Sports Knowledge gament framework to categorize the
different methods sports organizations use to ueicoew knowledge and better value player
contributions. From this, we will highlight measment inadequacies and showcase techniques
to make better usage of data collected in a wideaio of sport and sport-related specialties.
Properly leveraging Sports Knowledge Managemeifhinigcies can result in better team
performance by matching players to certain situstiadentifying individual player
contributions, evaluating the tendencies of theosipn and exploiting any weaknesses.

For these reasons, there should be no surprisendrag sports organizations are
revolutionizing themselves. The traditional demismaking approach of using intuition or gut
instincts is falling out of favor. Instead, asgeeats are being made on the basis of strong
analysis and scientific exploration. With more andre sports organizations embracing the
digital era, it may soon become be a battle obitter algorithm or measurement used, where

back-office analysts may become just as importartha players on the field.



Significance of this Survey
The knowledge management revolution in organizextsppegan with the boddoneyball

which was a case study of the successes enjoydel®akland Athletics, a professional
baseball team (Lewis, 2003). The Oakland Athlegesnmonly known as the A’s, had long
been at the low end of major league baseball’'sqilawyrth salaries much lower than the league
average. This made it difficult for the A’s to aep talented players from other teams and
impossible for them to retain any of their goodypls. Rather than accepting their situation
team management adopted a radical approach. Bfutlgrselecting players in the 2002 draft,
the A’s could lock players that were oftentimesrtawaked by other clubs, into long contracts
that didn’t pay much money and thus develop aeggsato compete with larger payroll teams.
When the players become good and their contraats asout to expire, the A’'s would then have
the option of trading or selling them to larger k&rteams and getting a return on their
investment. The trick was to pick the “right” pg.

Up until that time, the player draft was seen &ga of crap shoot because teams never
really knew what they were going to get. Teamsegalty did not spend too much time on the
draft and left the bulk of the work up to scoutaogpartments, whose scouts would travel the
country to view new talent and make recommendati@idy Beane, the general manager of the
Oakland A’s, guestioned this old approach and bégaise a systematic method of statistically
analyzing draft picks by the numbers they genertitemlighout their careers. It was reasoned
that if the A’s were careful in the selection pregethat they could get a few productive years
out of the players before the higher salary teamslavtake them.

From this strategy, the Oakland A’s began to feelcbmpetitive team that bucked the trend
of all the other low salary ballclubs. Relyingtesd on computers and algorithms to pick talent,

the A’s produced such star-studded players su@aay Zito, Mark Mulder, Tim Hudson, Jason



Giambi, Miguel Tejada, Eric Chavez, Nick Swished &hark Teahan to name a few. The first
step in their selection process is to eliminatdn@h school players from consideration. This is a
significant departure from the old way of doingnidpg, where high school players were seen as
valuable commodities. However, stars at the hajiosl level rarely panned out and making
comparisons between high school players and leagubat level was difficult. Instead, Beane
focused on the statistics generated for colleggepta adopting different evaluative metrics. For
example, the RBI does not measure the abilityghger to get on-base so they tested different
formulas and found that on-base and slugging p&ages were the most influential indicators of
run production. Beane and his colleagues would tlse these metrics to rank order the draft
players. Most of the players who were rated higldyng these methods were overlooked by
other clubs. The other organizations would evasaeédakland for picking players that they saw
as worthless, especially so high in the draft.

The results soon became clear when Oakland fieldetpetitive teams year after year in
spite of its low payroll. Competitors and commeéots.did not understand how Oakland was
able to win consistently. Even Major League Ba#iisbglue Ribbon Panel of economic experts
that was investigating the salary inequities inelbadl, concluded that Oakland’s performance
was a statistical anomaly (Levin et al., 2000).tl#t time, knowledge management techniques
were not widely understood in sports.

Baseball was not the only sport that was undergwwangsformation. During the 1980s and
1990s, Dean Oliver was applying statistical analyschniques to basketball; many years before
theMoneyballrevolution. A contemporary of baseball’s Bill Jasn Oliver focused more on
creating statistics that would showcase team behaaiher than individual performance, and

began to publish his thoughts for the rest of comitg(Oliver, 2005). Oliver and James were



eventually both hired as statistical consultanth&Seattle Supersonics and Boston Red Sox
respectively, cementing the inclusion of data astalyn the new foundation of sports
competitiveness.

Sports organizations are big business. Advanamgayoffs and winning championships
can tap into lucrative television revenue and watketing opportunities. The key is winning.
With so many competitive forces lining up againgrafessional sports organization, such as
larger salaried teams, salary caps and revenumglsmhemes, it becomes of paramount
importance that the right decisions are made totais a competitive advantage. These
decisions come from the hard facts and data alraegyired. It is just a matter of finding ways
to discover knowledge trapped within the data.

Chapter Scope and Methods

This chapter investigates a number of sports kndgdenanagement techniques and related
research about data mining methods, with a spenighasis on those sports with the most
interesting applications of technology. Howevavel and insightful techniques from lesser
known sports and sports outside of the US areeadptored and included in this survey.

While the coverage provided in broad in scope dagest multitude of sports organizations,
sports research centers, academia and privatetigdughin the United States; readers are
encouraged to follow the broad subject matter treefrean prior ARIST publications on data
mining and knowledge management topics.

Chapter Structure

This chapter is arranged as follows. Section Ziges an analytic framework for
Knowledge Management and positions the domain oftSf@ata Mining within it. Section 3

examines the data sources that fans and orgamzatan access. Section 4 examines the use of



statistical analyses as methods of knowledge extracSection 5 provides an overview of the
systems and tools that are used to gather botraddt&nowledge. Section 6 details the
predictive aspects of sports knowledge systemstid®e7 inspects the emerging trend of
multimedia and video analysis as methods of obtgiai competitive advantage. Finally, section
8 delivers our conclusions and a brief discourséuture research directions.
Analytic Framework for Knowledge Management and Dat  a Mining in Sports

Knowledge Management first appeared in academl®7® as a way to encompass a range
of tools, technologies and human expertise (Daver&&rusak, 1998) that can give an
organization a competitive advantage (Lahti & Bégiar 2000) and a method for maintaining
the continuity of knowledge in the organizationr@&o & Bontis, 2004). By retaining and
sharing knowledge within the organization, busieesae discovering increased productivity
and innovation (O'Reilly & Knight, 2007). Howevéefore getting to the stage of useable
knowledge we must examine the intermediate levietata and knowledge that are represented
by the Data-Information-Knowledge-Wisdom (DIKW) raechy (Ackoff, 1989). The DIKW
hierarchy is a widely accepted concept in knowletig@agement groups as a way to represent
the different levels of what people can see and Wiey can know (Cleveland, 1982; Zeleny,
1987). Each successive level; data, informatiooywkedge and wisdom, builds upon prior
levels and provides an increased awareness ofusutirgs (Carlisle, 2006) where meaning can
be found within this DIKW continuum (Chen, 2001;e2h 2006).

Data are the observable differences in physicési@oisot & Canals, 2004) that are
acquired from stimuli and examination of the watdund us. By themselves, data are
generally overwhelming and not entirely useablethe framework we are developing here, data

can be thought of as all of the individual evehtst bccurred in the sporting event. If applied to



baseball, this data would contain a record of pseuences, at-bat events and defensive moves
which by themselves provide little interest or \&alu

In order to be of practical value, data must besfermed by identifying relationships
(Barlas et al., 2005) or limited only to that whishrelevant to the problem at-hand (Carlisle,
2006). This transformation results in informationmeaningful, useful data (Bierly et al.,
2000). Using our baseball example again, inforamatiould be focused on only the pitch
sequences by a particular pitcher. Although notuseful at this stage, abstracting it to the next
level of the hierarchy, knowledge, can provide ddigonal meaning by identifying patterns
within the data.

Knowledge is the aggregation of related informatBarlas et al., 2005), that forms a set of
expectations or rules (Boisot & Canals, 2004) amvides a clearer understanding of the
aggregated information (Bierly et al., 2000). istlevel of the hierarchy rule-based systems are
developed which can allow individuals to expandrtbe/n knowledge while also benefiting the
organization (Alavi & Leidner, 2001). Returningdar baseball example, analysts can evaluate
the pitching information and look for tendenciesgpectations as to the types of pitches to be
encountered. Data mining is the hunt for knowledgain the data.

While the precise definitions of data, informatemd knowledge are still a matter of debate;
wisdom can be viewed as a grasp of the overakan (Barlas et al., 2005), that uses
knowledge and knowledge alone (Carlisle, 2006)ctueve goals (Bierly et al., 2000; Hastie et
al., 2001). In our baseball example, we have twkeadge of the types of pitches to be
encountered, 2. knowledge of effective strategiesimbat specific types of pitches and 3.
knowledge that a successful at-bat can help toangame. Putting all of this disparate

knowledge together into wisdom; the batter hasaacé to positively influence the game in their
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favor. Uncovering this truth rests in the capaieti of cognition and human understanding
(Carlisle, 2006), as a computational wisdombaseiieently difficult to imagine (Barlas et al.,
2005).

Data Mining involves procedures for uncovering leddrends and developing new data and
information from data sources. These sourcesraadnde well-structured and defined databases,
such as statistical compilations, or unstructurats ¢h the form of multimedia sources.

The DIKW framework then sets the stage for disamiigpg data from knowledge and sets
definitional boundaries for what data, informatemd knowledge are. Applying this to the
sports domain, certain activities and techniquesgesat the data level (i.e., data collection, data
mining and basic statistics). Other techniquesagdrithms are more suited to the knowledge
end of the spectrum, such as strategies and siongat Throughout this chapter, the DIKW
framework can be used to identify the set of rehévaols that can be used depending whether
data or knowledge is desired.

Sports Knowledge Management Framework

Sports data can come from a myriad of structuredusistructured sources. The process of
transforming these data into useful and interepugyts knowledge can be categorized by the

techniques used; expert examination, statistics@achine learning techniques, as shown in

Figure 1.
Sports Knowledge Production
Expert Examination Statistical Analysis Machine Learning
L Coaches, L Modeling, L Classification,
Managers, Prediction, Clustering,
Scouts Simulation, Optimization
Hypothesis Testing

Figure 1. A Sports Knowledge Framework
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In expert examination, human domain experts, @@aches, general managers and scouts)
make decisions based upon their experience andbtiaepresented to them. Sometimes these
decisions can be fraught with gut reaction andnostthat run counter to the available data
(Lewis, 2003; Page, 2005). The use of sports ¢éxperthe sole repository of knowledge has
been declining with the advent of computationalWwl@alge acquisition techniques in sports.
These systems can give an organization an andlgticee that few domain experts can compete
against.

Statistical techniques are often used in sportsvienige discovery. While statistics in sports
have been around for a long time, there has beecemt overhaul in the way performance is
measured. Newer and more sophisticated algoridrmbeing used to find interesting patterns
in player tendencies and team strengths/weakn@3sag & Calvo, 2007). Sub-areas such as
prediction, simulation and hypothesis testing camubed as an augmentation tools (Hirotsu &
Wright, 2003) by players, coaches and general nexsag make better decisions. Statistical
techniques lay at the heart of data mining, distisiggng between something interesting and
random noise and allowing researchers to test hgsets and make predictions (Piatetsky-
Shapiro, 2008).

The third area of sports knowledge gathering ishimeclearning. Machine learning
techniques differ from statistics, by allowing dgaxithm to learn patterns from the data and
apply that knowledge in real-time to previously e&s data. Leveraging pattern-matching
algorithms can uncover many hidden trends that doeyerts and statisticians never thought
to pursue. Sub-areas such as classification,eslngtand optimizations allow analysts to
maximize their teams effectiveness by conductisgrées of what-if analyses on the data by

changing one or more variables (Berry, 2005; Chebh&u, 2004).
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While Expert Examination can suffer from biases andquantifiable “gut instincts,”
statistical and machine learning methods also Hasie form of weaknesses in generalizing its
results to future activity. Each study must take iaccount these limitations.

Taken together, these knowledge discovery methfids a powerful tool to sports
organizations. For more details about machinenlegralgorithms, readers are referred to Chen
and Chau (2004).

Summary of Applications in Sports Data Mining

It was only until the past few years that sportewledge was believed to reside only in the
minds of domain experts such as scouts, coachesiandgers. These experts were the sole
group responsible for translating the gathered mteactionable knowledge. However, with
problems of data overload from traditional and nemaltimedia sources, these experts quickly
became overwhelmed, leading to the hiring of tetmiocally sophisticated analysts to make
sense of their data. Their focus was on discogdretter methods of performance measurement.
They soon created many new formulas such as b#isedalBase Plus Slugging (OPS) (Thorn
& Palmer, 1984) and basketball's Player Efficiemating (PER) (Hollinger, 2002) to name two.
Similarly, progress was also made in the area eheprediction through various tools such as
neural networks.

Scouting has been the backbone of sports orgammzatknowledge collection for nearly a
century. Scouts serve two primary roles, the fosteek out and evaluate new talent and second
to prepare assessments of opposing teams.

To seek out new pools of talent, scouts will oft@vel to the locations of potential draft
picks and evaluate their skills during practice eeglilar games. The reports generated usually

focus on the strengths and weaknesses of the ptdrdft pick as well as the overall
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impression of the draftee within the organizatidimese reports are important because they
affect a player’s draft position and indicate tihhgamization’s expectation for that player’s
success (Page, 2005).

The second type of scout, an advance scout, olsseorepeting teams and compiles reports
on player weaknesses, opposing teams’ strategeesther useful tidbits that may lead to a
competitive advantage.

Traditional scouting involves the collection of Hatata and expert opinions about the
potential for draftees and opponents’ strategiespmanrformances alike. However, these opinions
could oftentimes form biases where a scout may itidbve” with a certain player’s skills or
overlook others which can lead to questionablemenendations (Lewis, 2003).

Following the recent Moneyball revolution, scoutimas witnessed two fundamental
changes. One of the first changes was to adopmira stientific and statistically-based strategy
to compare players against one another in an usthim&nner. Using data mining tools on the
data already gathered, players and opponents beutdaluated without the usual scouting
biases. From there, scouting moved away from singantifying the strengths and weaknesses
and into a more in-depth study of situations amdi¢ecies (White, 2006). The second major
change was the advent of more automated and fenaegt data gathering and analysis,
including multimedia and video analysis techniques.

Data Sources for Sports

Data on sport performance can come from a variesporces. The most typical method is

in-house statisticians. Statistics are generadyt kor team-level and individual player

performances. However, most organizations keep sdormation to themselves which has
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opened the door to professional societies and @dfin-specific companies to fill the gap of
data sources for sports.

Professional Societies

There are a number of professional societies destida exploring new facets of knowledge
within their particular sport. They serve as calited repositories where members can share
insights and explore further research. Many o$éhsocieties collect, evaluate, store and
disseminate sport-related data for members andtanaiperiodical newsletters and journals.
Their main activities involve discovering and shgrknowledge within the sporting community.

The Society for American Baseball Research (SABRg fermed in Baseball's Hall of Fame
Library in 1971 (Society for American Baseball Rash, 2008). Its purpose is to foster
research about baseball and create a repositdogsaefball knowledge not captured in the box
scores. In 1974, SABR founded the Statistical psialCommittee (SAC) with the goal of
carefully studying both the historical and modeamg of baseball from an analytical point of
view. lIts research became known as Sabermetratsh@nSAC Committee publishes its research
on a quarterly basis (Birnbaum, 2008).

The Professional Football Researchers Associa{leRRA) was started in 1979 with the
goal of preserving and reconstructing historicahgalay events (Professional Football
Researchers Association, 2008). The PFRA alsaghdd articles on a bi-monthly basis which
cover statistical analyses as well as new methbgderformance measurement.

The Association for Professional Basketball Rede&d*BR) was formed in 1997 with the
objective of promoting the history of professiobakketball (Solieman, 2006). While their
research concentrates on NBA-related statistiey, #fiso include rival basketball leagues, many

of which are now defunct (The Association for Pssienal Basketball Research, 2008). Similar
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to Baseball's Sabermetrics, the APBR has develtpedPBRmetrics which are used to create
better measurements and statistical yardsticksdomparison purposes.

The International Association on Computer Scienc8port (IACSS) was founded in 1997
to improve the cooperation amongst researcherested in applying techniques and
technologies from the field of Computer Scienceport-related challenges (International
Association on Computer Science in Sport, 2008)e TACSS focuses on disseminating the
research of their members through periodic nevesigtjournals and organized conferences.

The International Association for Sports Informat{®ASI) was founded in 1960 with the
goal of standardizing and archiving the world’srépdibraries (International Association for
Sports Information, 2008). The IASI is a worldwidetwork of sport experts, librarians and
document repositories. The Association’s informatlissemination comes in the form of a tri-
annual newsletter and an organized World Congnesy dour years.

Special Interest Sources

In addition to professional sport-related societieere are other organizations that collect
and analyze sport-related statistics. Oftentirhesé sources offer traditional statistics as weell a
augmented data in the form of player biographiespmds and awards. Examples of these
sources include Baseball-Reference.com which paritaelf as a one-stop shop for all basic
statistics, current standings, player and teamingskoy various categories, draft picks, and
historical box score data (Baseball-Reference.@08). Pro-Football-Reference.com compiles
player, team and league stats along with histogaate data (Pro-Football-Reference.com,
2008) and 82games.com positions itself as Baskithahovative data source for fans, coaches

and the media (82games.com, 2008).
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Statistical Analyses Research in Sports
Once the data have been gathered, the next steggara process of finding the knowledge

locked within. Statistical analyses of many difiet types can be applied to the data from
statistically intense sports such as baseball astldiball to less data-intense sports such as
Curling. Other types of analyses can be used tasare player performance, team balance,
opposition weaknesses and even the possibilitydaalitating injury.

Statistical Analysis

While a myriad of statistics have been kept asmiof sports events, the statistics
themselves were not called into question for neadgntury. The basic question becaare,
we measuring what we think we are measuriggrly pioneers of statistical analysis such gis B
James and Dean Oliver, not only asked these qusstioit began to offer new statistics and
insights.

History and Inherent Problems of Statistics in Spor ts

The origins of early baseball statistics are oftaned to Henry Chadwick, the"i@entury
sportswriter and statistician (Lewis, 2003). Chattvereated many of today’s familiar statistics,
e.g., batting average and earned run average, badeid experience with the game of cricket.
This is one of the reasons why walks (i.e., advantd a base without a hit) are not included in
these formulae, because the walk had no equivaienaycket.

Batting Average, defined as the number of hitsagg collects divided by the number of
times at-bat is one such example of a statisticigfmores walks. If a player manages to draw a
walk during a time at bat, then the at-bat is mtnted. This leads to imprecision when rating
players, because if the goal is to get on-basg anitl walks should be both counted. Players

who walk often may have lower batting averagesetioee using Batting Average as a sole
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measurement of performance will lead to an unfamgarison and may underestimate a player’s
contribution to team performance.

Similarly, the Earned Run Average (ERA) is anott@inerstone of baseball’'s performance
metrics. The ERA is the number of earned runsresgai pitcher per nine innings. The term
“earned run” is important because it is a run thaichieved through a hit. Other means of
getting on base and scoring, such as getting hé piych (when the batter is awarded first base
after being hit by the ball during an at bat), &lfan illegal motion by the pitcher which results
in base runners being awarded the next base) ppedahird strike (normally a batter strikes out
after a third strike but can attempt to run totfivase if the catcher drops the pitch), fielding
errors and walks, do not count towards the ERAaiAghe over-emphasis on hitting tends to
skew ERA values. These two statistics alone, Bgttiverage and ERA were used as the
primary performance indicators by scouts, coachdsggneral managers for well over a century.

American football also has some imprecision imtsasurements such as the number of
receptions and yards per carry to name two. Daitihe number of receptions as the number of
times a player catches a forward pass, is mislgaditeceptions do not indicate success in terms
of touchdowns, but may instead indicate a prefexdarca particular player by a quarterback and
thus inflate the reception total of the preferredeiver. Yards per carry is another example,
where success is not predicated on scoring poBit®uld one player who ran for 40 yards in
one play be valued more than another that runyarage of 3 yards per play? While one
obvious solution would be to only compare thosggis with a minimum number of carries, the
process of setting arbitrary thresholds ignoregdbge that yards per carry does not take into

account the points scored, and thus the statesidd to inexact comparisons.

18



Basketball uses similarly imprecise statistics saglield goal percentage and rebounds.
The field goal percentage is the number of fieldlganade divided by the number attempted. A
player who scored a high number of points yet wa® dlow field goal percentage might be
rated as unsuccessful. Likewise the rebound stats the number of times a player gets the
ball after a missed shot attempt, does not im@y ploints will be scored. Nevertheless
basketball experts have long valued these statiai@dequate measures of performance.

The problem with these traditional formulae liesviat the statistic is intended to measure.
Oftentimes, data are gathered and used in waysanaiot be meaningfully interpreted. The
data itself is not at fault, it is the methods this used for comparing player performances. This
also leads us to the realization that there areegmwoblems that cannot be answered through
statistical examination alone. The questioningtafistics that were held as truths, the very
foundations of modern sports, brought about neWwrtiegies and measures which have rapidly
become commonplace within modern sports organizgtio

Bill James

The fundamental shift from traditional statistiogoi knowledge management can be credited
to Bill James. In 1977, James published the @fshany “Bill James Baseball Abstracts” in
which he began to openly question traditional sta and offer his unique insight about
remedying the problems he was encountering. Wimlg selling 50 copies at the outset, James
was not deterred and continued to publish his drcamapendium of insights, new statistical
measures, which he calledbermetricsand strange ranking formulae. Readers of the Bil
James Baseball Abstracts became interested iretheway of computing performance and
began to make their own contributions. Soon spgrénthusiasts and fantasy baseball team

owners began applying this newfound knowledge witbrwhelming success. Even with the
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tidal wave of fan excitement for this revolutiontimnking, sports organizations were quite
resistant to these new ideas for several decadesibe scouting was so entrenched within
organization as the sole vessel of knowledge (Le083).

In 2002, Oakland A’s General Manager Billy Beanedme the first Bill James disciple in
Major League Baseball to adopt sabermetrics whisctseg draft picks. Beane’s use of data
mining and knowledge extraction tools landed the i’ either the playoffs or playoff contention
for five straight years (Lewis, 2003).

That same year, the Boston Red Sox hired anothie¥d@nes disciple, Theo Epstein.
Epstein, a Yale graduate, similarly appreciatedhtdrel facts that could be gleaned from reams
of data. He hired Bill James as a consultant 032&nd went on to engineer the Red Sox World
Championships in 2004 and 2007.

Dean Oliver

Dean Oliver is to basketball what Bill James ib&seball. Asking some of the same types
of questions throughout the 1990s, Oliver sougletiber quantify player contribution and began
popularizingAPBRmetricsbasketball’'s answer to sabermetrics. Oliver $ecla lot of attention
on the proper usage of the possession statistierentossession is defined as the period of time
one team has the ball. Part of Oliver’'s contribitivas to evaluate team performance on how
many points they scored or allowed opponents toesger 100 possessions. In 2004, Dean
Oliver was hired as a consultant to the Seattlee&amics, ushering basketball into the
Moneyball era. Seattle then went on to win theiflon title in 2005.

Also in 2005, the Houston Rockets hired Daryl Moasyassistant general manager. Morey,

an MIT graduate and believer in knowledge managememciples, had previously worked with
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the Boston Celtics and STATS Inc where he inveatatirefined several new Basketball
statistics (MIT Sloan Alumni Profile, 2008).

Baseball Research

Baseball has been called the “National Pastime”rasdbeen a part of the American culture
for nearly two centuries. The first professionaséball team, the Cincinnati Red Stockings, was
founded in 1869 and played amateur teams acrosothery, amassing an impressive 81 game
winning streak (Voigt, 1969). Baseball was furtbgganized into sustainable leagues in 1876
with the creation of the National League. The blai League, which quickly became the
premier baseball league, withstood competition fetantup leagues including the Player’s
League, the American Association and the Federadjlie; Wrigley Field in Chicago was
originally built as a Federal League ballpark (Eet2003). However, in 1901 a startup league
called the American League was not so easy to vanguBoth leagues competed intensely with
one another and poached talent to the detrimethieofjame, until 1903 when both sides agreed
to recognize each other as major league and atgnlzbe tradition of World Series
competitions between the two rival leagues (The Nerk Times Staff, 2004).

Building Blocks

Statistics by themselves should not be primary mégnwhich player performance is
determined, but rather the beginning of a processd which useful knowledge can be
discovered. For instance, one of baseball’s fureddat statistics has been hits. As discussed
earlier, this statistic does not account for otiheans that a player can get on-base and these
additional means do not count in either the plas/bgtting average or hits total. Because of this,
On-Base Percentage (OBP) was developed to betesureethe player’s ability to get on base

by including these different methods. Furthermarether statistic that can better measure
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offensive player productivity is slugging percerga@Vith slugging percentage, the number of
bases reached is divided by the number of at-Batsrewards players who hit doubles and
triples instead of singles, or hit home runs. Bgtcast the hits statistic treats doubles, triples
and homeruns as equivalent to singles.

Building upon both of the fundamental statistic<O&P and Slugging percentage, we can
derive the On-Base Plus Slugging (OPS) statistichvis the summation of these two statistics
and provides a better representation of a playdility to get on base and hit with power. OPS
is considered to be one of the most effective mreasof a player’s offensive capabilities.

Runs Created

In his thirdBaseball Abstractlames reasoned that players’ performances sheuld
measured based upon what they are trying to acisimgkoring runs, rather than baseball’s
predominant indicator of the day, batting averalgares, 1979). James recognized the
disconnect between the two concepts and questiomwdun production could be better
measured. From this, James developed the Runge@r@C) formula which was ((Hits +
Walks) * Total Bases) / (At Bats + Walks) (Jame382). The Runs Created formula reflected a
team’s ability to get on-base as a proportion®bpportunities through at bats and walks.
James then evaluated historical baseball data issnmodel and found that Runs Created was a
better model at predicting the number of runs ¢ghatajor league team would accomplish than
other predictors (Lewis, 2003). This formula wasrfd to be a better measure of a player’'s
offensive contribution than batting average, beeamisis are decided on the team with the
highest number of runs, not the highest battingaye

Further instantiations of Runs Created led to Rtiresated Above Average (RCAA) (Sinins,

2007) which compares Runs Created to the leaguageéWoolner, 2006) and Runs Created
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per 27 Outs (RC/27) (James & Henzler, 2002) whaties into account sacrifice flies, where the
player hits the ball to the outfield with the exta@on that the ball will be caught by the
opposition in order to advance one of the baseatsito the next base, and sacrifice hits, where
the batter hits the ball to the infield with thegoextation that he will be thrown out at first base
order to advance one of the base-runners to thiebase. RC/27 is simply RC / (at-bats — hits +
number of times caught stealing + number of timpkger hits into a double play + sacrifice
flies + sacrifice hits). The RC/27 is a comparisomodel complete offensive player
performance over the course of an entire game (&).0From further analysis, it was found
that bench players (i.e., players that do not staircome into the game later) will typically have
80% of the offensive capability of the starter,wtihe exception of catchers at 85% and first
basemen at 75% the starter’s ability (Woolner, 2006
Win Shares

In 2001’sBaseball Abstrac¢tBill James introduced the concept of Win Shandgere players
are assigned a portion of the win based upon difgnsive and defensive input and further
explained it in a follow-up book of the same nad@nies & Henzler, 2002). Win Shares is a
complicated formula that takes into account mamstants and educated guesses, primarily
because some of the measures were never captutes hirstorical data. While still a matter of
debate within the sabermetric community, Win Shatesmpts to assign players credit for
winning a game based upon their performance. Asgumteam has equal offensive and
defensive capabilities, defense is credited witto5# a win whereas offense is only 48%. This
seemingly arbitrary division is justified as a wayeven out the public’s perception that offense
is the more important component of a win. While thrmula itself is still being refined in the

crucible of the sabermetric community, its resates difficult to argue with. Players with
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seasonal Win Shares of around 20 are typicallgtalls, Win Shares of 30 indicates an MVP
season and Win Shares of 40+ point to a histoes@® For example, Barry Bonds had a Win
Share of 54 in 2001 when he set the record of T3dnons in a single season.
Linear Weights and Total Player Rating

The Linear Weights formula calculates runs basemhupe actions of the offensive player.
Using the formula of 0.47(1B) + 0.78(2B) + 1.09(3B).40(HR) + 0.33(BB + HBP) + 0.30(SB)
—0.60(CS) — 0.25(AB — H) — 0.5(Outs on Base), Geduiindsey used this as an alternative to
simple batting average (Albert, 1997). Recognizhrag there were three ways to get on base,
hits (1B, 2B, 3B and HR), walks (BB) and beinglhyta pitch (HBP), Lindsey further extended
his model to reward those players that advanceadigtr base stealing (SB), punish players that
were caught stealing (CS) and punish those that wedted out on the basepaths (Outs on Base).

Pushing the idea of linear weights further, Totayer Rating (TPR) is a little more
complicated and builds into itself comparisonstha position played and the ballpark (Schell,
1999). These comparisons allow statisticians topare the performance of players as above or
below average based on the player’s defensiveiposind the ballpark they are playing,
because some ballparks may be more difficult fposition player than others. TPR has ratings
of Batting Runs, Pitching Runs and Fielding Runscivlare 1) summed, 2) adjusted for player
position and ballpark and 3) divided by 10 such gtayers can be compared against league
averages. However, this statistic is also undeggecrutiny where an average player is assumed
to have a TPR of zero and Bill James claims it khba substantially positive (James &

Henzler, 2002).
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Pitching Measures
So far we have analyzed offensive measures meaaptore the true value of a player’s

offensive performance. Pitching is another imparsdaple of baseball and the performance of
pitchers are closely watched by fans and sportanizgtions alike. Earned Run Average (ERA)
which measures pitching performance over nine gggainst the number of earned runs, runs
that come from hits, is one of the most relied upiching statistic. This statistic is usually
coupled with a Win/Loss record and can be decepfinake for instance a poorly performing
pitcher that plays on a team with a high powerddnsie. The pitcher will have a high ERA but
also a deceptively high Win/Loss record. Similadg excellent pitcher playing on a team
without run support will have a good ERA, but a p@dn/Loss record. In order to adjust to
these situations, the Pitching Runs statistic veaglbped to more directly compare pitchers to
league performance. In Pitching Runs, the numberongs pitched is divided by nine innings
then multiplied by the league’s ERA and then theed runs allowed is subtracted out. The
result of this formula gives the anticipated numtsienuns a pitcher would allow over the course
of a complete game. Average pitchers would haReching Runs score of zero while the
Pitching Runs for poorly performing pitchers woblel negative.

Another pitching measure recently put forth by Bdimes is the Component ERA (ERC)
which breaks out the different components of prighoutcomes and figures them in with the
ERA. ERCis ((H + BB + HBP) * PTB) / (BFP * IP})9 — 0.56 where BFP is number of
batters faced by the pitcher, IP is number of igeipitched and PTB is 0.89(1.255(H — HR) + 4
*HR) + 0.56(BB + HBP — IBB) where IBB is intentiahwalks (Baseball Info Solutions, 2003).
However, the ERC goes into more complicated fortmareunder certain conditions and other

organizations offer differing models.
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Football Research
Advances in statistical techniques in football hagereached the levels of those collected in

both baseball and basketball. For this reasometisea lack of statistical data on individual
players. While some basic statistics are obvioasliected such as number of touchdowns,
receptions and interceptions, these aggregate £oonmot rise to the level of their sabermetric
counterparts. The other reason for the lack cd datnes from the number of games played.
The NFL plays 16 regular-season games compareastebill’s 162 and basketball’'s 82 games.
Despite this, there are several metrics meantitlgérthese deficiencies.

Defense-Adjusted Value Over Average

The Defense-Adjusted Value Over Average (DVOA) mparative measure of success for
a particular play (Schatz, 2006). This statigiats each play as a new event and measures the
potential of success versus the average succelss ifague. Certain variables are taken into
account such as time remaining, the down, distemt®e next down, field position, score and
guality of opponent. These variables carry diffiémewards if met and can be used to measure a
particular player’s contribution or aggregated ighhight team-based performance. A DVOA of
0% indicates that the defense is performing onnptlr the league average. Whereas positive
and negative DVOA values indicate that the defesgerforming above or below league
averages respectively.

In football, possession is broken into four dowmsgdlays) with a sub-goal of exceeding a set
number of yards before the expiration of downs. @#\/considers that in order to meet this sub-
goal, 45% of the required yards should be gainethetiirst down, 60% on the second down and
100% by the third or fourth down (Carroll et al99B). If the play is deemed to be successful
DVOA assigns it one point. If the play is successfrly (e.g., attaining the sub-goal in the

early downs), more points are awarded.
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Defense-Adjusted Points Above Replacement
Defense-Adjusted Points Above Replacement (DPAR)pkyer-based statistic that is

compiled over the course of a season (Schatz, 2DBAR is used to determine the point-based
contribution of a player as compared to the pertoroe of a replacement player. If a player is
said to have a +2.7 DPAR, it means that the teamaldiscore 2.7 points because of the player’s
presence in the lineup, whereas that 2.7 pointdduoei lost if the player was substituted by a
typical replacement.
Adjusted Line Yards

Adjusted Line Yards (ALY) is a statistic to assigmedit or responsibility to an offensive line
in relation to how far the ball is carried (Sch&@06). This statistic attempts to separate the
running back from the contribution of the offensive and is measured per league averages. If
a running back is brought down behind the lineapinsmage (i.e., takes a loss of yards), the
offensive line will be penalized heavily for thel@e. If the same running back manages to
break free and make a long gain (i.e., picked upynmaore yards than usual), the offensive line
is given minimal credit, because the offensive taa only make so much of a contribution and
much of it is up to the running back. The ALY Is@adjusted to league averages.

Basketball Research

Basketball experienced its own sabermetric revotushortly after the boolkloneyball
began to be circulated among baseball enthusiast®(, 2005). With their own wealth and
depth of statistics, several pioneers of baskesitatistics set about to better quantify and assign
credit through the creation of ABPRmetrics, nanmdlie Association of Professional
Basketball Researchers (ABPR). ABPRmetrics is &mmentally different from sabermetrics, in
that ABPRmetrics attempts to view statistics imtgiof team rather than individual

performance. One such example of this is teamgsegm and how effective the team is at
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scoring points. The thinking is that since teamsinfiunction as cohesive units, they should be
analyzed as such because guantifying team chen(irsivy well players perform with one
another) at the individual level is currently uaattable.

To back up this point, players can have eitherstppe or negative impact on team
performance. As an example, during the 2004-2@@Sa, Stephon Marbury had a -0.4 point
negative impact on the team while he was on thetc@t the outset, this statistic would
indicate that Marbury was performing at or slighilow average. However, when Marbury
was off the court and not helping his team, thentbad a -12.0 point deficit. This 11.6 point
differential when Marbury was on the court verstighee court, illustrates that Marbury can best
improve his team’s performance when he is on thetco

Shot Zones

The basketball court can be divided up into 16 swelaere a player on offense might be
inclined to shoot a basket. By analyzing the patiaige of player success from each of these
zones, defensive adjustments can be made to lomiing while offensively, coaches may try to

maximize these types of shots (Beech, 2008). EiguHustrates the different shot zone

locations.
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Figure 2: Shot Zone Layout (82games.com)
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From this analysis on the 2004-2005 season, 82gaomegound that for 3 point shots from
the corner (Zones 1 and 5), Golden State’s Dunléadythe highest accuracy of 0.571 from the
left corner and Sacramento’s Mobley had 0.600 aogufrom the right corner. Likewise, shot
zones can portray player tendencies. For exarmapbier the basket (Zones 13 and 14), Miami’s
Shaquille O’Neal made the most attempts in thededmt was not very successful, 0.416 from
the left and 0.424 from the right. Knowing whetaygrs are successful and comfortable can
lead to better strategies.

Player Efficiency Rating

Player Efficiency Rating (PER) is a per-minutengta player effectiveness that rewards
positive contribution and punishes negative onedlifkigjer, 2002). This formula takes on many
variables including assists, blocked shots, fduég throws, made shots, missed shots, rebounds,
steals and turnovers among others and tries totifpptayer performance in regards to their
pace throughout the game and the average perfoerevel of the league. However, PER is
still a matter of debate as Hollinger admits thaloes not take into account all of performance
related criteria, such as hustle and desire (Hyein2002).

Plus / Minus Rating

Another method of calculating performance is thiotlge Plus / Minus Rating system in
which each player is evaluated by calculating tinelper of points the team makes with that
player on the field minus the number of pointsdpgosing team receives. This calculation is
done for each team player while they are on caudtvehile they are on the bench. Player
contribution can then be measured as the diffeakbétween their on and off court presence
(Rosenbaum, 2004). Positive values indicate thgeplis making a positive point-based

contribution to the team whereas negative valuaddvpoint towards detrimental activity. Take
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for example Dwight Howard during the 2004-2005 seasHoward had a Plus / Minus rating of
-2 when he is on the court versus an even ratirgnwie is not (Rosenbaum, 2005). This would
seem to indicate that the team is better off withboward’s presence. However, the Plus /
Minus Rating system is not without its own shargafks. Critics of the system point to its
over-valuing of players that take a high numbestaits and commit a large number of
turnovers, which is not a beneficial team activity.
Measuring Player Contribution to Winning

A further metric to evaluate player contributionsugs a substitute player is to adjust the Plus
/ Minus Rating system to account for the talenelef teammates (Rosenbaum, 2004). The
reasoning is that player performance does not ogthm a vacuum, but rather is a function of
the overall team effort. The Adjusted Plus / Mimgig regression estimate where the constant is
the home court advantage against all teams, "tterder constants are the Plus / Minus
differences between Player K and the players efast, holding all others constant. The x
values, x through x4 refer to game level statistics per 40 minuteslay:points, field goal
attempts at home, field goal attempts on the rttade point attempts, free throw attempts,
assists, offensive rebounds, defensive reboundsyvars, steals, blocks, personal fouls, (points
* assists * rebound¥¥ and minutes per game. Regressing these 14 vagether nets the
Adjusted Plus / Minus Rating.

Rating Clutch Performances

The reason that 40 minutes is typically studiedeathan the standard game time of 48
minutes, is the belief that the final minutes & ame are completely different from the rest of
the game (llardi, 2007). In instances where oaetes ahead by several points, the lagging team

may institute fouling in order to retrieve possenssf the ball. This behavior tends to skew
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these statistics from normal game behavior. Ti@ 8 minutes of game time and any overtime
if necessary, providing that the scores of the teams are within 5 points of one another, is
referred to as the clutch. Some players tend ¢eleduring this period, leading APBRmetricans
to study the clutch performances of players. Seoimgld argue that player contribution during
the clutch is more important than during the résegulation play, because the prospect of
winning or losing is hanging in balance. Othergptowards legends of the game that have
defined themselves with clutch performances (&if).Walton and Michael Jordan). Using
PER during this period can identify new insight®ioffensive capability. To test the defensive
match-up in man to man coverage, it assumed treplayer’'s PER (i.e., looking at PER’s of
opposing positions), will be superior to that aéittcounterpart if a clutch performance is
occurring. While PER is limited to man to man aage and cannot be used in other types of
defenses such as zone (where the defensive pkagenfined to a specific area of space), this
method can still provide valuable insight into magxecution.

Another strategy for measuring clutch performarsc® ievaluate the performance of the
team as a whole by using the Plus / Minus ratirsgesy and aggregating clutch points amongst
the entire squad on the court during the last eghtutes of the game. This provides additional
insight into a player’s clutch abilities by showihgth on-court and off-court results in terms of
point contribution.

Emerging Research in Other Fields

Aside from baseball, football and basketball, mather sports are experiencing their own
statistical renaissance. Soccer is pioneering wogkedicting the likelihood of injury based on
biomedical monitoring as well as isolating the teas that lead to tournament wins. NCAA

College Basketball researchers are predicting souant matchups and victories with impressive
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accuracy. Two other sports, Olympic Curling anetckat, are similarly gathering data on their
opponents and analyzing the factors that contritut@nning. It is not a far stretch to adapt any
these techniques to other sports.

Soccer

Soccer arguably garners the most passionate farldwide. With such devotion to the
sport, it is understandable that many researchnetdaas alike have an interest in predicting
prestigious tournament outcomes. While one sualfydiound that time of possession is an
important factor in game outcomes (Papahristol2006), other studies have noted that country
of origin and home field advantage were sizabléofaan predicting team success (Barros &
Leach, 2006). From this later study of the teabramrising the UEFA Tournament, researchers
used a myriad of factors including league win/les=ords, tournament win/loss, shots, team
record at home and on the road and past tourngmeeiarmance to predict not only who the
strongest teams will be, but also to forecast wieam should win the tournament.

Another important contribution is the ability torézast when a player may be experiencing
the onset of an athletic impairment through injprgdiction. Oftentimes a player, regardless of
their sport, will try to play despite their injuoy performance degradation. AC Milan has been
piloting predictive software that monitors the wouks of their players (Flinders, 2002). This
software compares an athlete’s workout performageenst that of a baseline, and drops in
performance may indicate that the player may beodisd to experiencing an injury soon. Other
biomedical methods employ a series of weightedatées including injury rate, odds of injury
and history of injury to compile a risk likelihoodeasure (Hopkins et al., 2007). Another

method looks at 17 various risk factors, such asipus injuries, playing characteristics,
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endurance and game-time preparation among othetst was found that inadequate warm-ups
were the usual factor in injury-related events (koet al., 2000).
NCAA Basketball

NCAA basketball has its own share of research. @table figure is Jeff Sagarin who
publishes his basketball rating system based eara’s win/loss record and the strength of their
schedule (USA Today, 2008). However, more reseexats concerning the NCAA Men’s
Basketball Tournament. Every March, college bdskeenters into March Madness — a
tournament where 64 Division | teams will competethe title of National Champion. While
the exact selection process for the 64 teams isade public, a Selection Committee makes the
determinations and the 64 teams are selected Barmce Card.” Two researchers that were
interested in this process, developed a methodeafigting the at-large bids with a 93.3%
success rate over the past 14 years (Coleman &1,y2898a). This would seem to indicate that
the Selection Committee uses similar selectionrtiegles every year, even though the
membership of the committee changes from year &o (AS, 2005). The technique weights 42
pieces of information on each team, including tiR ranking (or relative strength against
other teams), win/loss record, conference win/tessrd, etc. and forms a rank order score
called the “Dance card score” (Coleman & Lynch, 200

Once the teams have been selected, this same taasearchers has devised a second
algorithm, “Score Card,” to predict the winners [€@oan & Lynch, 2008b). Using data from
the 2007 tournament, their system was able to ciyrpredict the winners for 51 of the 64
games, an accuracy of 79.7%. The Score Card #igois remarkably simpler than its

counterpart Dance Card, because only 4 variabéeseressary; the team’s RPI value, RPI value
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of the team against non-conference opponents, wh#th team won the conference title and the
number of wins in their previous 10 games.
NCAA Football

NCAA Football also uses data mining and knowledgmagement techniques to rank
collegiate teams. Because NCAA football does nt¢reinto a tournament style of play like
basketball does, disputes routinely break out diggrwhich two teams should compete for the
National Championship. The Bowl Championship Se0eBCS, was created to address these
problems, however, it became part of the controver2004 when the University of Southern
California (USC) was rated number one by the Asdedi Press poll and number three by the
BCS. Following 2004, the BCS algorithm was rewentt

The BCS is a fairness type algorithm in which maasious polls are taken into account and
weighted accordingly. In particular, the BCS udgesHarris Interactive College Football poll,
the Coaches poll (what rankings fellow football doas believe is fair) and computer polls
including Jeff Sagarin’s NCAA football poll at USPoday and the Seattle Times. Each team is
then assigned points based upon their poll ranikiradl of the component polls. Teams are then
rank ordered based on their score.

Olympic Curling

The Curling event in the 1998 Winter Olympics woafgpear to be a non-typical place to
find data mining and knowledge management toolgogek. During the eight days of Curling
competition at the Nagano Olympics, IBM was collegtplenty of data on players, strategy, the
precise paths the stones took as well as outconaggart, 1998). While this data collection was
not extensively used at the time, the potentidllestists to isolate a Curling player’s tendencies

and weaknesses (Cox & Stasko, 2002).
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Cricket
Similar to the wealth of statistics kept in baselibhke game of Cricket also holds an

extensive store of data within the Wisden Almanaaing back to 1864 (Cricinfo, 2008). This
data has also been recently explored using dategnamd knowledge management tools to
some success. In a study of One Day Test Criclagthms, it was found that a mix of left/right
batsmen and a high runs to overs ratio were bafhiycorrelated to winning (Allsopp &
Clarke, 2004). The usage of alternating left agdtrhanded batsmen is believed to keep the
opposing team’s bowler out of their typical rhytlamd thus be less effective (Allsopp & Clarke,
2004). The high number of runs to overs ratiay.(@mount of runs scored as a proportion to the
number of offensive periods) indicted that a quigk&ced game (i.e., more runs) was also a
factor in determining a winning team. These faxtan further be used to determine team
effectiveness and also tournament play.
Tools and Systems for Sports Data Mining and Knowle  dge Management

While still in its infancy, the proliferation of sfematic data mining and knowledge
management tools has been mainly constrained ltouise analyses by sports organizations.
However, simpler tools using the theories of Balinks and his contemporaries have been used
by fantasy team managers and rotisserie leaguescitie advent of thoneyballrevolution.
These individuals found success in using data rgiaimd knowledge management tools leading
to further development of measurement techniqudskaaowledge-based tools. There are
growing trends of third-party vendors using dataing and knowledge management tools to
sell their niche services to individuals and spgytbrganizations to isolate player tendencies,

provide more in-depth scouting reports and uncénaerdulent activity within the sports arena.
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Data Mining and Knowledge Management Tools
One area of this third-party development has beaesigning tools that do not fit the

traditional data mining mold. Incorporating elertseof game footage that can be broken down
into component pieces and queried is one of theuaways that companies such as Virtual
Gold is filling the gap. Other distinctive methadslude simple graphical analysis of existing
statistics, allowing domain experts to more readibntify the patterns within the data.
Information visualization has long been recogniasan effective tool for knowledge
management (Zhu & Chen, 2005).

Advanced Scout

Advanced Scout was developed by IBM during the b8€0s as a data mining and
knowledge management computer program. Its purgdseglean hidden patterns within NBA
game data and provide additional insights to coaelmel other organization officials. Advanced
Scout not only collects the structured game-batststcs during play, but also unstructured
multimedia footage. With the entire NBA league ingvaccess to Advanced Scout, coaches and
players can use this tool to prepare for upcompppoents and study their own game-level
performance (Shulman, 1996).

The multimedia aspect of Advanced Scout functionsdilecting raw game-time footage,
processing and error-checking the content andlfisalgmenting it into a series of time-stamped
events such as shots, rebounds, steals, etc (Bhahda, 1997). The processing and error-
checking stage is a rule-based series of procéssesify the consistency and accuracy of the
data. This includes removing impossible eventerfestagged incorrectly), looking for missing
events and attributing plays to particular playdrscases where the rule-based strategy is
unable to identify key elements, a domain-expemticse game footage to manually label the

event.
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Advanced Scout also possesses a knowledge manageongronent called Attribute
Focusing, where a particular attribute can be atatliover the entire distribution of data and
both textual and graphical descriptions of the aamloos subsets (i.e., those with a distinctly
different statistical distribution) are set asidefurther analysis by players or coaches
(Bhandari, 1995). For example, consider the folhgatextual description from Advanced
Scout:

When Price was Point-Guard, J. Williams missed @%of his jump field-goal-

attempts and made 100% (4) of his jump field-gaedrapts. The total number of
such field-goal attempts was 4. This is a diffeneattern than the norm which
shows that: Cavaliers players missed 50.70% ofr ttegal field-goal-attempts.

Cavaliers players scored 49.30% of their total digloal-attempts (Bhandari et
al., 1997).

This description illustrates an easy to read amalysthe anomalous behavior of Williams
when Mark price was the Cavaliers point guard. €eacoach or player receives this
information, it is up to them to determine why tlisase. For the above example, it was
determined that when Price was double-teamed, hdwass the ball to Williams for wide-
open jump-shots.

Aside from the anomaly detection facet of Attrib&tecusing, Advanced Scout can also be
queried to find a relevant game-time event sugbaacular shots, rebounds, etc. Players and
coaches alike can use this information to hondssiild better understand player dynamics.

Visualization Tools
Another way of finding interesting data is to dogsaphically. SportsVis is one such tool

that allows users to view a plethora of data oveelacted period of time (Cox & Stasko, 2002).
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This data could include team runs over an entias@e or player-specific criteria such as the
runs scored off professional baseball pitcher Sghilling over a 32 game period, as shown in

Figure 3.

32 games 25-7 record (.7E81)
RS: 7.0 RA: 3.8

Sort by: () Date % Runs scored () Margin
Figure 3. Curt Schilling runs scored over 32 gaf@s & Stasko, 2002)

This pictorial description may indicate trends acaover potential problems such as injuries.
Other interesting visualization techniques candumél inBaseball Hackswhere author Joseph
Adler walks users through the process of using Exice Access databases to view various
baseball statistics (Adler, 2006). These techréqnelude batter spray diagrams where a hitter
may favor hitting the ball to certain portions bétfield under certain situations, and frequency
distributions using many of the sabermetric stagst

Scouting Tools

Scouts used to rely on manual methods to keep tfglayer performance. Today that
power is being placed into the hands of fans amd generation scouts. Game statistics can be
input on the fly and complete game reports andviddal attributes can be focused on for later

player improvement.
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Digital Scout
Digital Scout is the digital answer to collectirtgtsstics or filling out score cards. Fans and

sports organizations alike can use this softwara palmtop, laptop or desktop machine to
collect and analyze game statistics. This softwarebe adapted for all the major sports
including volleyball. Digital Scout can also allaygers to print box score results or create
custom reports on particular attributes, such aelial hit charts, basketball shots and football
formation strengths (Digital Scout, 2008).

This software has been found to be very usefulrasdbeen adopted by Baseball’'s Team
USA (Petro, 2001), Little League Baseball (Pet@)3, and basketball tournaments (Weeks,
2006).

Inside Edge

Another scouting tool is Inside Edge which was t@édy Randy Istre and Jay Donchetz in
1984 and provides pitch charting and hitting zaagistics for college and professional baseball
teams (Inside Edge, 2008a). Coupled with a pradeatscouting department, Inside Edge has
been used by many MLB ballclubs including all of #World Series champions between 1996
and 2001. The strength of Inside Edge is in easgdd scouting reports that employ a host of
textual and graphical elements as well as the égdexpponent strengths, weaknesses and
tendencies.

Reports on strengths, weaknesses and tendenciall baeked by statistical data. An
example spray chart of Rafael Furcal of the Atldrtaves is shown in Figure 4. Note the

density of infield hits shown for the second basema
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Furcal, Rafael vs. Al Pitchers

Atfanta Braves

Coverning Scouted games from 4/5/2005 to 6/22/200%

Figure 4. Spray Report of Rafael Furcal (Inside &®908b)

Another more complete report is the Pitcher Posggasnishown in Figure 5. From this
output you can easily see the increases in thenglof pitches as the game progresses (from 92
to 95 mph for fastballs) as well as pitch effeatiess (opposing left-handed batters, LHBs,
perform poorly against Bartolo Colon’s fastballghitwith a 0.167 batting average).

The graphical representation of pitcher performandbe strike zone, based on individual
statistical performance, can allow pitchers to alsucomprehend which areas of the strike zone

they are most effective.
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Pitcher Postgame Report Inside
Colon, Bartolo - Angels Q E_dgg

SCOUTING SERVICES

Game Information / Totals
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Figure 5. Pitcher Postgame report for Bartolo Cd¢laside Edge, 2008b)
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Fraud Detection
Fraud in sports is nothing new. While some scandaVe led to historical precedence, e.g.,

the 1919 White Sox throwing the World Series re=siilh eight players being banned from
organized baseball for life; some scandals wer¢rgoversial, e.g., Pete Rose’s alleged betting on
the team he was managing and his subsequent banmndghe game; to recent developments
including the use of performance-enhancing drdgsudulent activity in sports generally falls
into one of three categories: poor player perforreaa pattern of unusual calls from the referee
and lopsided wagering (Audi & Thompson, 2007).

Poor player performance, or point shaving, is oag im which game integrity can be
compromised. This involves a player or group afypls that purposefully under-perform in
order to affect the game’s betting line. Before teams physically meet for a match,
sportsbooks set a betting line which will draw goa dollar amount of wagers for either team,
that way the losing side of the wager pays the imgside minus the sportsbook’s commission.
Should the line become unbalanced, the sportsbeokil be responsible for the difference and
would either cause them to lose money or lose legsinlf one team is heavily favored, then the
line will be more pronounced with one team havim@c¢hieve a larger victory in order to win the
wager. Point Shaving is simply a player tryingrtanipulate the outcome of the game by not
meeting the betting line. A recent study into NCBaésketball, found that 1% of games involve
some form of point shaving (Wolfers, 2006). Beainje to discover instances of point shaving is
incredibly difficult (Dobra et al., 1990), espetyalvhen there is no serial correlation in betting
markets from game to game (Oorlog, 1995).

A pattern of unusual calls from the referee can alluence the game outcome. Similar to
Point Shaving, compromised referees can also mktgthe betting line. Referees have it in

their power to make the game easier or harder feam, and thus influence the betting line
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(Igloo Dreams, 2007). A recent example of this wathe summer of 2007 when NBA referee
Tim Donaghy was investigated by the FBI for compiging games to pay off his gambling
debts.

Both point shaving and questionable referee cal®lthe same outcome in mind, making
money. Thus lopsided wagering can be used asdacator of a compromised game. This type
of wagering could involve betting in excess of wisatormally expected or betting heavily
against the favorite. In one particular examplgambler from Detroit made repeated bets
against the University of Toledo versus Templeootball (Audi & Thompson, 2007). One of
the wagers, $20,000, was four times larger thart wha considered to be a typical large wager
for that conference. This gambler correctly pickeat Toledo would be unable to make a
required number of points and suspicions were ddiigan Sportsbook operators. In the
following game, more atypical wagers began commaggainst Toledo forcing one of the
Sportsbooks to cancel Toledo events from theirdmaBGportsbooks make their money through
evenly positioning the wagers, one side hands theirey over to the other, minus a
commission. When games are compromised and ther&/ageven, the Sportsbook will lose
money on the event. So it becomes in the Sporksbbest interest to keep integrity within
sports and to set unbiased betting lines (Paul &n¥éeh, 2005).

Las Vegas Sports Consultants (LVSC)

One of the organizations that actively looks faufilulent sports activity is Las Vegas Sports
Consultants Inc (LVSC). This group sets bettimgd for 90% of Las Vegas casinos. The
LVSC statistically analyzes both betting lines ghalyer performance, looking for any unusual
activity. Player performance is judged on a letfexde scale (i.e., A-F) and takes into account

variables such as weather, luck and player healidi(& Thompson, 2007). Taken together,
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games are rated on a 15 point scale of seriousegame rated at 4 or 5 points may undergo an
in-house review, 8-9 point games will involve cantaith the responsible league. Leagues are
similarly eager to use the services of LVSC to raaimngame honesty. The LVSC counts
several NCAA conferences, the NBA, NFL and NHL ase of its clients.

Offshore Betting

Las Vegas Sportbooks are not the only gamblingtutgtns with an interest in honest and
fair sports events, offshore betting operationsstéaeting to fill this role as well. One offshore
gambling site, Betfair.com, has signed an agreemihtthe Union of European Football
Associations (UEFA) to help monitor games for mdighng, unusual results or suspicious
activity (Jimmy, 2007). While difficult to deteatl instances of gambler-tainted matches, these
beginning steps can assure fans and bettors abkevigilance is taking place and that player and
referee activity is being scrutinized.

Predictive Modeling for Sports and Gaming

The ability to predict future events has been tfivedor many researchers and gamblers
alike. This shared drive has led to many excitiegelopments in the sports world, including
statistical simulations and machine learning teghes. Using these concepts, trends in the data
can be identified and manipulated for personal, petitive or an economic advantage.

One area of predictive research that has been &mapsively explored is that of streaky
performance. This includes players with the suppgdtot-hand” effect where performance is
elevated above average for an extended periodhef tin research on the hot-hand effect in
basketball, it was argued that if the hot-handaféxisted, making a shot would increase the
chance of making another shot (Tversky & Gilovi2d04). However, from empirical study the

success of a shot was found to be independentweiqus shot outcomes. Baseball though still
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has its adherents to streaky behavior. In anestarg piece of research that sought to model
streaky player performance, it was found that aepéayers do exhibit significant streakiness,
more than what probability can account for (Alba08). This is where simulation and
machine learning comes into focus.

Statistical Simulations

Statistical simulations involve the imitation omgame data using historical data as a
reference. Once this imitation data has been nartstl, it can be compared against actual game
play to see the accuracy of its predictive pow&mulations can be performed in a wide variety
of sports domains including baseball, basketbaditdall and hockey.

Baseball

Baseball has long been a hotbed of simulation, faniasy and rotisserie leagues to name
two. Simulations can be made on finding the opttipnach hitters using Markov chains, where
matrices of players, inning states (top or bottdrthe inning), number of outs and the on-base
possibilities are all taken into account and muk#ibby substitution matrices using pinch hitters
(Hirotsu & Wright, 2003). This method can thenused to find the optimal pattern of player
substitutions based upon the given situation.

A player-focused simulation method developed atdlayarymount, uses historical player
data to predict future homerun totals by analyzivegfrequency distributions of homeruns,
where top performances (i.e., record-breaking segsare considered “large” events and then
relating those large event frequencies to the aqies of smaller events (i.e., individual
homeruns) (Kelley et al., 2006). To put it looselyhe ball is flying out of the park more than
usual during a season, the potential exists foregom® to have a terrific year, leading to the

observation that such historical performances fiendinked.
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Another study that investigated the prediction ofiflon winners, those that finish first
within their respective division, used a two-st&8gg/esian model based on a team’s relative
strength, measured by winning percentage, battiregages and starting pitcher’'s ERAs; and
home field advantage, where it is suspected tlams$eplaying at home possess an advantage
(Yang & Swartz, 2004). This study simulated MLBsbhall’'s entire 2001 season and their
method was found to be surprisingly accurate inigteng 5 of the 6 division winners by July
30". Other Bayesian models such as predicting Cy Yauinners (best pitcher in the league
that season) have also netted similar accuracytsgSmith et al., 2007).

B-BALL

One popular basketball simulator is BBall. It vaeveloped by basketball researcher Bob
Chaikin, a consultant of the Miami Heat (Soliem2006). This software uses historical data
and APBRmetrics to simulate anywhere from one gtmaa entire season. Developed for NBA
coaches, scouts and general managers, BBall canrmdeé a team’s optimum substitution
pattern over the course of a season (e.g., therpattat produces the most simulated wins), the
effect a player trade may have on the team’s padoce, the effect of losing one or more
players to injury and the identification of thetlars necessary to improve team performance
(i.e., rebounds, assists, scoring, etc).

Other Sports Simulations

Other sports can benefit from using simulated datwell. In Yacht Racing, a variety of
factors on boat design can be tested and winnismye can be put into practice (Philpott et al.,
2004). In Boxing, an array of both physical anggh®logical characteristics can be used to

determine match winners 81% of the time (Lee, 1997)
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Hockey game simulation research involves usingdnddarkov chains to pattern expected
outcomes based upon where the puck is locatednentgéam holding possession (Thomas,
2006).

Football games can be simulated using both regressid autoregressive techniques to
determine the factors most responsible for scaewants (Glickman & Stern, 1998; Willoughby,
1997), as well as Bayesian learning (Stern, 19%bccer has taken advantage of simulating
game play by using Monte-Carlo methods (Koning,2@ue & Salvensen, 2000).

Data can often hold indications of future perforcenBy using the right algorithms to
identify the key drivers of knowledge, historicatd can be used to make accurate predictions.

Machine Learning

Aside from statistical prediction, machine learntaghniques are another method of
providing sport-related predictions. Neural Netkgare one of the most predominant machine
learning systems in sports. Within neural netwpdega sets are learned by the system and
hidden trends in the data can be exploited formpaiditive or financial advantage. Other
machine learning techniques include genetic algorithe ID3 decision tree algorithm and a
regression-based variant of the Support Vector it@ctEVM) classifier, called Support Vector
Regression (SVR).

Soccer

In a predictive study of Finland’s soccer champiops, Rotshtein et. al. compared the
forecasting ability of both genetic algorithms areiral networks (Rotshtein et al., 2005). They
first set about classifying the wins into one ®kficategories: big loss, small loss, draw, small
win and big win, where a big loss would be in thrge of 3 to 5 point deficit, small loss a 1 to 2

point deficit, etc. From there, they fed past tament data (e.g., the tournament win/loss

47



performance of each team over the prior 10 yeate)hoth a genetic algorithm and a neural
network for training on the most recent seven yeansh of data. The results found that the
neural network performed significantly better thha genetic algorithm in all five categories.
Overall the neural network had 86.9% accuracy lecseg winners as compared to the genetic
algorithm’s 79.4% accuracy. The other finding Wzt the neural network required less time
for training as the genetic algorithm was attengptmoptimize the solution set and did not
satisfy the study’s stopping conditions.

Greyhound and Thoroughbred Racing

Predictive algorithms can also be conducted inratlbe-traditional sports, such as
Greyhound and Thoroughbred racing. These typeseaafictions generally involve machine
learning techniques to first train the system anwvarious data components and second to feed
new data and extract predictions from it.

One machine learning technique that has been ugkduccess in Greyhound racing, is
neural networks. Feeding a back-propagation newatatork (BPNN) 10 parameters gleaned
from greyhound racing experts as the most impostanébles, Chen et. al. evaluated simulation
results in two ways; accuracy of predicting a winaed payout if a bet was placed on the
predicted winner (Chen et al., 1994). From thiskythey found the BPNN operating with 20%
accuracy and a $124.80 payout as compared to ésguts which managed 18% accuracy and a
payout loss of $67.60. Using the same data ofXBalgorithm, Chen found better accuracy,
34%, but lower payout (than BPNN), $69.20. It wasited that the BPNN was better equipped
to find and capitalize on the races with highersdihich led to its better payout in spite of

lower accuracy.
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A follow-up study that built upon Chen’s work, exiaed the influence of predicting Wins,
Quiniela (selecting the first two dogs to finishany order) and Exacta (selecting the first two
dogs to finish in order). In this study researchiested a 4 layer BPNN with 18 parameters
instead of 10, and found similar accuracy res@4s3% Win, 8.8% Quiniela, 6.1% Exacta) but
differing payouts ($6.60 loss for Win, $20.30 gionQuiniela, $114.10 gain for Exacta)
(Johansson & Sonstrod, 2003). It was suspectedibaxtra parameters used had a substantial
impact on predicting longshot races.

Another follow-up study to Chen’s pioneering wouked the SVR machine learning
algorithm instead of BPNN. This variant of SVM égkthe hyperplane that is used to maximally
separate the classes and performs regression teiagainst it (Schumaker & Chen, 2008).
This study was more interested in determining #otoirs that go into predicting long shots, and
would vary its bets from just strong dogs (thoss Hre predicted to finish first) to betting on all
dogs (those that will finish above eighth placBjom this simulation strategy and a study of all
the various exotic wagers, it was found that tysgem achieved a peak 17.39% accuracy on
Superfecta Box wagers (i.e., betting on the fiostrfdogs in any order) when betting on dogs
expected to finish between first and second pladeetier, as compared to random probability at
2.79% (Schumaker, 2007).

Predictive measures have also been performed withimoughbred Racing. In a study of
the factors that lead to racing success, it wasddbat the motion of a two-year old
thoroughbred’s foreleg had a direct relation tdutsire earnings potential (Seder & Vickery,
2005). Horses that were determined by veterinapges as having good foreleg motion (e.g., a

lack of extraneous activity), earned 83% more tinase with bad foreleg motion. This has a
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direct impact on the racing industry as thorougtbneestments can now be screened and
improve the chances of selecting a winning steed.

Another important factor in thoroughbred racinghie career length of the horse.
Thoroughbreds with longer careers will understahdhalve better earning potential than those
with shorter careers. Using simulation techniques pool of potential genetic parents,
theoretical offspring can be modeled and theirealengths approximated (Burns et al., 2006).
By using these techniques, thoroughbred ownersattampt to maximize the revenue potential
of their investments.

Multimedia and Video Analysis

Traditional sports statistics are quickly becomiwgarfed by advances in multimedia
technologies for sports. Within the past seveealry, video capture and isolating particular
events in sports for later analysis has become marastream. Baseball players can go into the
locker room and study a pitcher’s delivery or tream motions either to prepare before the
game or make adjustments during (Lewis, 2003). €mepany that is leading the way in
baseball's video content is Advanced Media (O&)7). Advanced Media handles the digital
content of Major League Baseball, including videeaming games to fans, and the innovative
MLB Game Day tool which can allow fans to watchadistraction of an actual game, with only
the basic information sans video. MLB’s Advanceddih became such a lucrative success that
substantial revenues are distributed to all 30 gsam

Basketball players can use similar video footageises to query the system for particular
shots or defensive moves (Sandoval, 2006). Befasedechnology became available, teams
would often have to wait several days to receivagéootage, but now footage is almost

instantaneously streamed to players, coaches,caudssalike. It used to be a tedious process to
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retrieve particular video sequences, but now gaesieh as “corner kicks resulting in a goal in

the final two minutes” will return the appropridtetage for further analysis.

Searchable Video
The process of automated video searching on thacgumay appear as a daunting task.

While broadcast video may be considered a wide dgmsports events can generally be
sequenced in a particular order of actions (Roaeth ,€2002). As a baseball example to find a
particular player’'s at-bat sequence, many factsiathee game are known in advance, such as the
batting order. Similarly, when transitioning frane batter to the next, the first batter will erthe
get on-base or head for the dugout, both of wharhlze identified as separate events by a
multimedia system and tagged as such. Then theegsaf retrieving specific video sequences
becomes a matter of querying the tagged material.

Tagging sports events in real-time can be done alBnoy domain experts or automatically
by identifying a sequence of events (e.qg., a baslledppearing near the rim can be tagged as a
shot). Automatic tagging typically takes advantafjehanges in the video, such as pans, zooms,
fades and cuts which signals that a new video seghas begun (Truong & Dorai, 2000).

Tags can be metadata or a simple descriptor ofteveélonsider the following metadata

tagging using XML (Babaguchi et al., 2007):

<AudioVisualSegment>
<StructuralUnit>
<Name>at-bat</Name>
</StructuralUnit>
<TextAnnotation>
<FreeTextAnnotation>Arias</FreeTextAnnotation>
<StructuredAnnotation>
<Who>
<Name>Arias</Name>
<Name>Kudou</Name>
</Who>
</StructuredAnnotation>
<KeywordAnnotation>
<Keyword>SoloHomeRun</Keyword>
<Keyword>OpenTheScoring</Keyword>
</KeywordAnnotation>
</TextAnnotation>
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</AudioVisualSequence>

In this sequence, one can easily understand thawént is a solo homerun by Arias which
led to the team’s initial score of the game.

One notable multimedia tool is SoccerQ, which alawgers to store, manage and retrieve
soccer game video sequences (Chen et al., 20083. pfogram supports basic queries such as:
select video/shot/variable from search_space [wbenelition]. The “variable” term can refer to
a particular team, where “search_space” can beédd1d certain sub-categories, such as men’s
or women'’s soccer, etc. As an example, a querylmdigelect all corner kick shots from all
female soccer videos where the corner kick resitt@dgoal event occurring in 2 minutes,” as

shown in Figure 6.
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Figure 6. SoccerQ Video Retrieval (Chen et al., 5300
From Figure 6, the left side of the SoccerQ appibbcahas only “female soccer” selected to
limit the search space. The right side shows tvents selected, “Corner Kick” and “Goal.” To
the far right, the temporal precedence of EvenCAr(er Kick) starts Event B (Goal) is selected.

At the right center, 2 minutes is selected. Thiéd&dtom shows the 4 scenes that match the

criteria.
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The field of searchable sports video is emergifgols that link multimedia retrieval to data
mining are promising, but few. It will be interegg to see where the field goes in the next
several years.

Motion Analysis

Motion Analysis in sports research is generallyaayned with object tracking and trajectory.
Baseball is a hotbed of motion analysis researatrevhot only pitching mechanics and ball
trajectory are analyzed, but also the motion ofdoatas they approach different pitches. Object
tracking and trajectory analysis usually startdwaitbaseline video image where the item of
interest is selected or some reference point ofknsize is recognized (e.g., a human can be of
an estimated size for comparison to the size @il (Chang & Lee, 1997). Once the system
has been calibrated, it can track the motion ofritended target.

Another method in motion analysis is to break velewo 3 component parts: the
background or camera motion, the foreground oljeation, and shot or scene changes (i.e., a
different camera view) as a result of an exterd#l @oach et al., 2001). From this approach,
videos can be segmented and foreground motionddack

One of the techniques to identify trajectory idiker the video frames. Using baseball as an
example, you would filter the video to identify #lle white objects in the frames, white being
the color of the ball. From there, you eliminaty af the white elements that do not conform to
the size or shape of the baseball. Now that aidatellist of balls have been identified, the
process is repeated on the following frames anavthige speck that exhibits motion between the
pitchers mound and the batters box is the bas@bhll et al., 2006). Once the trajectory has
been identified, the type of pitch can be extraegavell. Curve balls typically exhibit a high

arching motion which stands in contrast to a sl lateral or sharp downward motion.
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These systems have fairly high accuracy, around @Hén et al., 2007). Aside from baseball,
these techniques can be used on other sports bsugklas soccer to track ball location, player
location, shot distance, the distance a playertmasind ball speed (Bialik, 2007; TRACAB,
2007; Yow et al., 1995), in football (Ding & FarQ®7) and even tennis (Takagi et al., 2003).
Challenges and Future Directions

There are several challenges within the domaimpofts knowledge management and data
mining that we feel should be addressed. Presamitymany organizations are taking full
advantage of advanced sports knowledge managemdatamining techniques. This
resistance to change is firmly ingrained in oldawrss such as baseball and more than likely
stems from the old axiom “if it ain’t broke donikfit.” However, organizations should realize
that those that do embrace these sophisticatediinshts, generally perform better (e.qg.,
Oakland Athletics, Toronto Blue Jays, Boston Red &ud the Cleveland Indians).

Secondly, the individual sports organizations trate recognized the potential competitive
advantages of knowledge management and data nsggtgms, typically hold results in-house
and do not share technologies or lessons learndigir fans or peer organizations. While this
could be considered capitalistic in nature, otlperts organizations take a different approach
and house all data in a central sport-related rapgsvhere individuals and teams all can have
equal access. Both approaches have their respextixantages, however, what is missing here
are hybrid approaches in which a significant amafimbaterial is housed collectively and teams
are still free to exploit any advantages foundeirer We see the beginning of such a hybrid
approach for various sport-related interest groups.

The Australian Institute of Sport (AlS) has recgnthveiled two initiatives designed to

effectively house data from various sports (Ly@89)5). The first of which is the creation of a

55



digital repository to store various sport-relatédieo, audio and data files. This centralized
repository will allow players and teams to accedsvant data. The second initiative provides
data mining techniques on the data repository @eioto gather new insight into obvious
patterns. We would suggest that further knowlextgéd be extracted from such a repository
and that individual teams and players should takem@tage by implementing their own
proprietary tools in the pursuit of a competitivclvantage.

The full application of sports knowledge managenagat data mining is still in its infancy.
While several pioneering organizations are begigptinharness their data through advanced
statistical/predictive analyses, many are struggliith the prospect of adopting such systems let
alone using them as a competitive advantage. iyefdanarket professional sports organizations
increase payrolls to meet demands for talent, keadgg¢ management and data mining can be
leveraged by the smaller market teams to remairpetitive. This competitive balance has
begun to return parity to sports leagues. Howeagmore organizations begin to embrace these
knowledge eschewing principles, it won’t be londdoe an arms race of sorts develops, where
two teams emerge; the players on the field anciiadysts in the back office. Both of which
will work together to propel the organization fomga Also, future advances such as distributed
Artificial Intelligence that uses multiple agentsrew applications of existing algorithms
borrowed from computer science or physics, mayltgmize sports data mining. Similarly,
centralized public data repositories constructéueeiby governments or a collective of fans, will
also allow for the continuation of these technigisegeams, performance measures and

predictive purposes. It will be interesting to sdeere the next few years will take us.
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