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£ Sports compettionNSigENErate [\

amounts of data
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#This data must be efficiently’analyzed
andvisualized
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RelationShiPS INISPORtNELWOIKS

#1n Sports NEtWoKS thererare "n:my

relationships We'can consider;

+ athlete - athlete .(sooperatmg PENVIGIH)>

+ athlete - partner: (impact 6N PEHOHIMANCE)"

+ coach~ athlete (this relationshipis considered
to be p\artlcularly crucial).

+;ath|etes —clubs, etc.
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# The increasing availapility eifmassiVeneWorked e did
IS revoelutionizing the sCIentiiciStUyAoIRaNa EWio];
phenomena iniallifields ofisports

+ A variety of technigues: rors ¢ differentiaisciplinesican
help to:analyze andimine the informationinisports
network‘s study their distribution, theirdiffusion) tf
value and their influence on socialland economic

-‘outcomes.
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# Petabytes ofidataregandinghumanimovements)
transactions; and communication'patternsianeicontinuously.
being generated by everyday technologiEsH e moIle
phones, credit cards, Vyspace, linkedIn, Frienaster;
Facebook, etc).

The popularity ofithese social'c 'cp]]\,‘] LioNS el onith
networKing power ofi communitie —‘jJrJJr]J Sp9r 5
interestin\g guestions can be asked relz AJ I'J therbehavioral
dynamlcs of sports networks. Answers to these questions r*_m
‘have |mpI|cat|ons in marketing, a/er-ta strategies; tick
sales safety in large sport events, etc.

ng
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# Can we interpretve tnessmall=worid
phenomenon J/ ,,,sarmmng LRENPALLEINSIO];
connections inilarge-scale’sportsetworks
(this linkage pattern can itselifexplainrthe
small-world results
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# Using existing patierms 0irCORNNECH OGRS
Sport network and alvarety eirgrapn:
theoretic and statistical technigues;ewican
we predict new relationships thatwillfermin
the hetwork in the near future?
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+ Prediction is very difficult
- future.
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represented as a gra pn

+ A graph'is a set of dots/(vertices) andilinks
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InternerGraph

Examples




EXamples: Einancialigiapns

A giobal view of the US markets

www.market-tepology.com



EXAMPIES: SOCIal NEtWeIks

2

#Real people aretheVertices
+ An edge connects twolpeoplelitthey
know: each other

+ These networks are sparse and Clustenesy
and tﬁ\ey have a small diameter

*6 degrees of separation
~“Small world” hypothesis

@
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SOCIal NELWOKSHEORTEG)

+ Scientific collaboration graphsErdosnumer;
+ e.g. My Erdos Numberis 2:

Ding-Zhu Du;, Xi‘an Jiaotong, Ronald/e Graham) PanesiVi:Pardaloss
Peng-Jun Wan, Weili'Wu, Wenbo Zhao, “Analysisteiigrecdy;
approximations with'nonsubmodularpotential fiUNCHOENSS
Proceedings of the nineteenthiannual’ACIVI=SIAVIISYmposIUmien;
Discrel:gz’algorithms, 167-175, 2008.P:

3 \

Eréi’c'a's, R. L. Graham), "Packing squares with equal'squares’) Journal of:
‘Combinatorial Theory Series A, 19:1, 119-123, 1975;



Collaboration Netwaor:
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Handbook of Massive Data Sets,Kluwer
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Social
Networks and
the Economics
of Sports

1

......

S. Butenko, J. Gil-Lafuente, and P.M. P.M. Pardalos and V. Zamare
Pardalos,

Optimal Strategies in Sports Economics Social Networks and the Economi
and Management, Springer, (2010). Sports, Springer, (2014).



NBAGrapn

etballiplayersianelVertices

ONNECHS tWENVEltICESNIFtNESENWO)

players ever playedin thessameteam

+ We consider the graph consisting o404
vertices, i.e. 404 players currently playingin
the I<IBA
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DALY LEADERS

-

; 1 2 3 4 ot T CURRENT BAMES: -
| B i s nEg DEI"-15 15 15 26 78 5
NBAGAMECASTLIVE PHI 23 25|21 21 so Zousn = = T
= 20 R
LAST PLAY 1% 2w  gm  4m QT  TOTAL  SHOT STATS =t
i SITEInMERTER

1 : 0 0

E‘fi b [ U
= 5 Z4-67 (36 FaM-a 32-71 (45%)
‘ - I e 10-20 (509%) FPM-A E-5 (389
20-24 [839) FTR-A 23-25 [92%)

Canny Manning
(DET)

Canny Manning
Personal Foul

PLAY BY PLAY

DET: Detroit Offensive Febound.

PHI: Eric Snow enters the garme for Manty
williams,

DET: Corliss Williamson made Free Throw 2
of 2.

PHI: Allen Iverson made 21 ft Jumper.

PHI: Allen Iverson Shooting Foul,

DET: Zeljko Rebraca made Free Throw 1 of 2.
DET: Zeljko Rebraca made Free Throw 2 of 2.
DET: Danny Manning Parsonal Foul,

|

A

A

4

29711 Off.-Tot, Rebounds 46/1¢
L Assists 1%
10 TurnoversiPts, Off 16
ki Steals =
4 Blocks u]
u} Fast Break Pts. z
237 Fouls/This Gtr, 2178
SHOW: = MADE @ DUNK =0 21 Timeouts Lefty:20 21
« MISSED 3¢ LAYUF =1L
~ PISTONS HEEALL  FGERS HIDE ALL
CS,':::,: Pt= Reb Ast PF g:::t Pt= Reb Ast PF
* M, Curry 2 ak al; (1] & K, Thormas i0 14 u} 3
* G, Atkins i3 i ak 2 * K, Wan Horn i7 =] 1 4
® C, Robinson 2 3 4 2 & D Colerman 15 7 2 2
* B, Wallace & g o 3 * A, Iversan EE L
* R, Hamilton 24 z 4 4 ® E, Snow i1 1 2 z
®* D, Manning u} u} a 2 ® B, Skinner a u] u} u}
® C, wWilliamson 1 a u] 1 * &, Buckner 4 3 o] i
& M, Okur 5 i0 2 4 & T. Hill 9 -] o il
* 7, Rebraca 4 u] o] 2 = 1, williamns u] u} u] a
# 1, Barry =} 3 2 2 # E. Rentzias a u] a} u}
* C. Billups a u] u] u} * A, McKis u] 4 1 3
® T, Prince i3 2 z a # 1, Salmons u] a u] o]

All data may not be represented | Send us your comments

1P,
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Structure olirthneNBABEaPI

:r.'na ruml)ar Jf AJ E51515492)
IBIENUMBPERG;

OISES

be /conr\ected it they have s
ﬂnelghbor.

common



Joraan nuUmBern

+ Jordan number eifeachVertexiplayenNsiequeal
1t o S 1L - L 1
to the distance firom' this Vertex tertheNVertex
ng IMlichaelJordan



Joraan nuUmBern
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http://www.art.com/asp/sp.asp?PD=10076065&RFID=990041

Jordan nUMBEer

Number of players with different values of
Jordan's number




Diameter oirtne NBANGrapn

* The diameter ot the graphNsimaximuim
possible distance ( €., NUMBER G EAEES)
between any pair of Verticess

+ The diameter of the'NBAgraphNs equal o’

+ We can talk about 3'degrees ofiseparation

between any two' players: NBATSaver/ismall
world!

/



3 degrees oirsepanationinrtheiNBAEaPn







Jim Jéck&on

: Sacra mento
Klngs
Degree: 68
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EXTENSIONSIOIRUINISIA [9910a i

+ It'is pessible to constructia graphirepresentngall

European foo; J:]“ players

+ Since thereare a 'r/wrr_lrs STREtWEEn EUrepeal
football teams eachiyear, thisigraphisielIeVEd oMave
a small diameter

-~

AL
+ V. Boginski, S. Butenko, P.IVI. Pardalos; O: Prokepyey.
Collaboration Networks in Sports ECONOMIGS:
I\/Ianagement and Optimization in Sperts, (E J]rJrJ) S
- Butenko, J.Gil-Lafuente, P.M. Pardalos, Springer, 265
278 (2003)



The DUutchiseccer teamias sociallnetWonk

¢
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0)¢

DSTFNEtWONKIEVER/MMOOE CONIFESPONGES
that has playedian officialimaten er'ir:'ne DU
Team (data from WAWwwW.veethalstatsinl)

o)
1l

- U
(R (=
(Y] (2»
(D

Number of nodes 691
Number of links 10450
Density 0:0\44

THe” DST network is connected, i.e. betweeniany two
players a path exists.


http://www.voetbalstats.nl

e DUtch Seccer team: as SOCIallnELWOnK

* The DSIF networkisiarsmall WorH G MERVOIKS
because ’{g]verage 0IStanCEEWWEER
players is small(4:49) whilethe CluSteErnng

coefficient is highi(0.75).

+The pfayer with the most coplayersiis LJrry
Dénis, \\/ho played together with 145 ethers:

|
A= 4
=T



The Dutch seccer team as secial netWorik

4 Of all'players Hary Denisthas thel oWestHCl UStERNEICOEIGCIER T INES
he is the player Whoese co-playersianethel eastmutualViCOnNECLED!

+ The diameter. of: the DSIFnetwoerkis dds e thel ongestShoRESt
path has length 11.
+ The most central player in the DSIrnetWorkisiReOeINVIErsmas

The Dutch Soccer Team as a Social Network (by Robert Kooij, Almerima Jamakovic, Frank
van Kesteren, Tim de Koning,Ildiko Theisler, and Pim Veldhoven)



BIrazilianiSOCCErRIayerstnetWorkaBSE)

Number of nodes 13,441

I

Number ofilinks: 315,566

(U

This a bipartite network 'r'u‘ CONtAINS WO/ PES O
vertlces . one set IS created from rr]g 12¥ different
Brazilian-soccer clubs and/the l'nér Setisicreared
from the 13 411 soccer playersiwhoerhaveplayeatior
those clubs between the years 1971 anadi2002:



Brazilian'Seccer PlayenstnetWworkiBSE)

+ [n this network, Wheneverarisoccersplayershasieen
employed by arcertainiclulbrth ey areconNECLEG Y AaNIECSE
It has been shewn thatthe prevabilitythatarBraziian
soccer: playerhasiworkedat N clubstorplayediVigames
shows an exponential’ decay Whilethemprenabiitynatiie:
has scored G goals'is power law
R
+ |n addition, they consider a network rz)m,)JJAJ ORIVt

e
soccer’ pléyers It two players were at rn-\ Samerteamiatithe
'same time, then they willloe connectedioy aniedge:

(L



- |2

ZIllaniSeccerPlayerstnELWoBSE)

The BSP networkiis'a'small-world networkwithiSi29id egreesIoisEparnation
between the Brazilianisoccerplayerss

@

What about the time evolution ofithe BSE-netWorks:

the player's professionalllife is turning longerand/ortheplayersitransfersate
between teams is growing up.

The clustering coefficient is a time decreasing i rJ;]gl_']Jf], Inisimayreriectithe

players’transfer rate between national teams _1 1d'the exodus ofithelbest:Brazlian

players to fbrelgner teams (which has increased, particularly,inthelas !d;cadeﬁ).
rs

The BSP/net ork is becommg more assortative with ,]m j'nis SEemsit
the existence of a growing segregationist pattern, where the playersitre
7\'occurs preferentially, between teams of the same size

=

Details of this study can be found in: Onody, R.N. and de Castro, P.A. (2004).Complex
study of Brazilian soccer players. Physical Review E, 70(3): 037103.






Introduction eifeuFprenIEM

+ Predictions ofisports gamesiiavebeenNecoLiZzEaasian
important area of studyForitSieCOnOMICSIENITICANCES

+ The majority of mod —)b 'Z)r SUCHIZamESICOVERtWOo=player:
games and the resulting r'rurn,)urun,b o)f _)u,ly Ravieual
players or teams and theirresulting companativVerposition:

+ However, many sports involve race-typemulti-contestant:
gaméswvhlch are more complexin'moedeling:

+ Our work\presents a model based -‘QJ;]g;]rJJ]]y distributed
racngtlmeS as a first approximation ofithe problems

7/



COMMONIProRvIEMS

The mos
two-playe

) A"
The 'most studied outcomes:
one wins / other loses

Sometimes a tie



Viulti contestantiiac

The individual scores are ranked and the best is the 1°t
winner, other positions may also count

The problem becomes a problem o
random variables and order statisti




Challenges

Study the
problem as
a problem
of ranking
(order

statistics) the join

We need consistent historical data about
the individual performances (e.g the times)
in the games



PUTE

# Performances cannotalwaysbeconsideredindependent=aheNake=tpio;
the contestantsiin the raceinfiuencesindividual Perornance

# We do not always knew: the individual perfenmancermeasuresasizeN ust
the ranks

+ Not all athletes have contested against.eachietheriiniraces

+ The numbeg of race data are uneven in the sense that we have different

e th
number/of data for races among different athletes

|

* Even when we know them they are no ediately comparableecause
they have been attained under dlffere condlt ons (Weather; e ]!']F,.J_]-J
etc.)



o)f o)Lif eifejo)|lgg]

We want to predict the
likelihood of an outcome for a
race of athletes from the pool



o«

OUIFappreacnesiiy)

me independentexponentally,
distributed times:
— then the problemiisione orstudyingthelorder
statistics of the exponential distrbution
we don’t really need to/know the timesiasiwe
can estimate the parameters relative toleach
/ ofhéY

= wecan find Maximum Likelihood or:Lleast
Squares estimates => we need to study carefully,
the effect of uneven data on the confidence level




QU appreachesi2)

2. Drop the assumption oiindEpPENCENCERANG
use a joint distrpution URCHon:

— We have identified as appropriate anteEXtension
of a bivariate presented by GUMBEINRIS60

m

FX1, Xy X)) = A LE1 A% 1+\T \,T' 2 (2% — 1)(2¢ 4% — 1)
r_l = I_;;t; o

= We can use data for estimation but theresa
difficulty for athletes that have not metinaace
before. There we can assume independence



0)U]f approaches (=)

SteS thatthaVemnemeRn
/e can es'i_:ablis N ChEl rml:rrlva
dominance using arnetworkappreachniased
on relative results' withrotherathletes't 'ru
have-contested against the twolathlet
comfoéred.

1
A /



+ Appl\ known e,s [IMation tEChNIGUESHGIRTHE
parame e JoInBdistibutien

1.

# Tryto understanc ?']{l‘—‘vv)l QI SIgAIICANCENO];
the es timation and subsequentiy the
predlctlon

+ Test on past to see fitness of the approach



vy &
"CRITICAL NODE (AND EDG
DETECTION (CND)













Proplem Dernition

+ Glven a grapii G =H\/SE)anuicanNpie g ek
+ Goal'is to detect (delete) arser| A=k Jf

critical'nedes; ornedes WHESENHEIElo
results infmaximum’ paivise
discvog\nectivity
+ Disconnectivity' = MAX COmMPeRERLS

- subject to MIN difference: in cardinality



ProplemiDennItien

+ Decision Version: KsCN P
+ Input: UndirectedigrapniGi=(ViE)Faiditeg ek

+ Question: Isitherera setVipwheres! /! 55 |ENSELO]
maximal connectee COMPONENtSioRe ptaine
deleting k- nedes or less, such that

Eai(ai - 1) <K
\ 2

ViEM
where 0; is the cardinality: of componentt; foralliiin iz

J
O
(o7 S
=

+ The summation term expresses the paiﬂvj 8 CONNECTIVILY,
In the graph



Fonmuiation
+Letu;; = 1, ifranajareinine SEMS

component oir G(VATA) ;- ane 0 CLHERVISE?
+Letv. =1, Iffnede J IS deleted ]n Herepunal

sol@\on, and O ethenvise
+\We can formulate the @N? as the

7\\,f/01|/o</vi g Integer linear program:



EFormulation

(CNP-1) Minimize
s.t.
uz] -l—'U,i + 'Uj Z ]., V (?z,]) = E,

Uy Hi —ug <1, Y (3,5,k) €V,

they — g Sy YVi(3,00,k) € V]

—Uij + Ujk + U < 1, V (Z,], A) eV,

E’Uzﬁﬁk,

eV

ui; € {0,1}, Vi,jeV,

v; € {0,1}, Vie V.




Formulation

(CNP-1) Minimize

(384 1

Usj +Ujp — Up; < 1, V (2,5, k) €V,
Ifiandjin -
different Uy — U+l L1y V(2,9, k) €V,

componenFS = Uik A R =1, v ('iajvk) €V,
and there is an

edge between D v <k,
them, at least «V

one must be u;; € {0,1}, Vi,j €V,

deleted v; € {0,1}, Vie V.




Formulation

(CNP-1) Minimize

(384 1

’u.zj —l—’U,i - 'Uj Z ]., V (Z,J) = E,

Uy +Ujp — U <1, V (4,5,k) €V,
Number of

nodes deleted is
at most k. —UWUi5 + Uik + Uk < 1, V (Z,j,k) eV,

u;; € {0,1}, Vi,j €V,

U;; — Ujp +Up; < 1, V (2,5, k) € V,

’U.iE{O,].}, VieV.




Formulation

(CNP-1) Minimize

s.t.

U 'l-vi"'vj = ]-1 v (?’7.7) & E)

ik — Uy S ]-) V (?:aja k) = V:

i — Wik +ur; <1, V (2,5,k) €V,
For all triplets Ui + ik + Uk < 1, V (4,4, k) € V,
(i,3,k), if (i,3) in

same comp and

(j,k) in same

comp, then (i, k)

In same comp. v; € {0,1}, ViegV.




Formulation

(CNP-1) Minimize
s.t.
u;; +v;i+v; =1, V (4,j) € E,
gty —u <1,V (i,5,k) €V,
i — Ujp +up; <1, V (7,5,k) €V,

G s e, ¥ (49,8 eV,

Can combine S v <k,

iInto one eV

constraint for a € 10,1}, ¥ 2, 3€'V;
simpler model

’U.iE{O,].}, VieV.




Formulation

(CNP-2) Minimize Z w;,j
i,jeV
s.t.

U0 5 20, Y (3,7) € B,
Ui+ ujp — U <1, ¥ (5,5, k) €V,

rﬂ Uj; + Uk + U, # 2, v (Z..].. k') = V,

Uy — Uik + U <1,V (4,5,k) €V,

—Uij + Ui+ ups < 1, Y (3,5,k) €V,
u; € {0,1}, Vi,j €V,

v; € {0,1}, VieV,



EXACt algontnmsianaiE euistics

+ Forlarge scale problemserdeVeEIopeEd
NEUrStics ased en maxinuepentenisset:
problem;, GRASP; and genetic:algontams:

+ A. Aru1§elvan C. Commander; L Eleiieaueuy
P.M. }ardalos Detecting Critical INeUESHIA:
Sparse Graphs Computers and Operations
-~ Research, 36(7), 2193-2200; 2009.
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Concluding remarks and questions

+ |n this talk, we have surveyed several social
collaboration networks in sports and discussed
their structure. All such networks, which consist
of players only proved to be small worlds. One
might assume that networks which can be
constructed in the same way for other team
games or leagues have the similar structure.

+ There are many interesting questions related to
the behavioral dynamics of sports networks.
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+ For exampg

— Using the existing
network and a varie
techniques, how can one

form in the network in the ne

- Wha\&\are the dynamics of the inform Tatic

net/wo\&k? How can one extract kno
information?

pAY=

~ How can the future of a sports network be pre
the current state of the network?
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+ For exampg

— Using the existing
network and a varie
techniques, how can one

form in the network in the ne

- Wha\&\are the dynamics of the inform Tatic

net/wo\&k? How can one extract kno
information?

pAY=

~ How can the future of a sports network be pre
the current state of the network?
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Sports have been an integral part of human
culture since ancient times and play a key role in
the economy, politics, and lifestyle of any country.

Many sports, including football, baseball,
basketball, track and field, hockey, tennis, and golf,
and their associated industries, rely on qum
malung krols from a wide sp of

to keep their interest. (Neale referred to this as
“inverted joint products.”)

Systems engineering tools can be used to
study many issues in sports. For example, social
network analysis deals with the interactions
between individuals by considering them as nodes
of a network whereas their relations are mapped as
network edges. The study of such structures lies at

1

k and

the i ion of different disciplines of research,

The ancient Greeks spoke vividly about the
human condition, with phrases such as a “healthy
mind in a healthy body.” The thought of

includi ics,sociology and graph theory.
l.nprachnemanyhndsofnetworlrshavebem

studaed mdudmg friendship networks, scentific

the human spirit along with the human body
was established very early in the Greek world,
thus instilling the concept of physical and mental

ks  flm collab
disease_ ding ks, and urban

growth networks.
We have also studied social networks arising

3

harmony of the human being. in sports. The structure of sports networks, as well
In the Greek states, social f a5 5 n‘M' qmbguseﬁxlindve
aimed towards intellectual devel and N e R g of sports.

physical perfection eventually cohmiatad in the
institutionalization of the Olympic Games, which
graced the ancient world with theideal of fair play
for over a thousand years. This tradition inspired
people to revive the Modem Olympics, thus
promoting the ideal of fair play in the modern
world. This resulted in the amazing proliferation
of sports in our time, while also contributing to
a giant economic boom spurred by the ded

Social networks arise naturallv in_ sports,
especially team sports. For example, such networks
may be based on the various relationships: athlete-
athlete, coach-athlete, athlete-clubs, etc. In addition
to a single player analysis, the analysis of sports
networks may be used to investigate patterns of
social relations between team members, as well
as to explore the behavioral dynamics of groups

activities around sports and the Olympics.
Today’s sports industry is complex and
xmpads several economic markets, such as
dvertising,dothing,and turing.

of This i may help coaches,
players, managers and other dub members in
making decisions.

As an example, we (Boginski et al, 2004)

In addition, sports are charadznzzd by a unique
need for competitive balance. As early as 1964,
the economist Walter Neale stated the “Louis-
Schmeling paradox” in that better profits could
be made from a better product, which in boxing,
meant two strong fighters. Louis could not have
made it without a strong Schmeling.

It is clear that in most businesses the ideal
market position of a company is a monopoly. But
in sports, it is much different. Given the paradax,
a pure monopoly would be a disaster. Fans want
to see a competitive balance among teams in order

idered the National Basketball Association
(NBA) from the perspective of social networks. We
constructed and studied a social network graph of
players in the NBA. It turned out that the properties
of this graph are similar to the properties of other
social networks.

The vertices of the NBA graph represent all
the basketball players who played during the 2002
03 season. An edge joins two given players if they
ever played in the same team. The constructed
graph has 404 nodes and 5492 edges between them.
Thus, the edge density of this graph is rather small:
5492/81406 = 6.75%.

Based on the definition, one can state some
obvious structural properties of the NBA graph. For
example, players from the same team form a dique
in the graph. Also, since many players change
teams, there exist links between players (vertices)
from different teams (cliques). Clearly, the same
structure is inherent for all collaboration networks.

The considered NBA graph is connected,
due to the fact that the number of players in a
basketball team is relatively small and players
transfer between different teams frequently.
Furthermore, we observed that this graph has a
*small-world’ topology. That is, the maximum
distance between all pairs of vertices (graph
diameter) in the NBA graph isequal to 4, implying
that the NBA is a very small world.

Analogous to the Erdos number for the

graph of math icians and the
Kevin Bacon number for a graph of Hollywood
actors, the “Jordan number” was introduced for
the NBA graph. A player's Jordan number is
defined as the distance in the NBA graph between
the vertex corresponding to that player and the
vertex corresponding to the former Chicago Bulls
player, Michael Jordan, arguably the greatest
basketball player ever.

Despite the fact that Michael Jordan only
played for two teams throughout his career, and
thus had relatively few “collaborators,” most
players (268) in the studied NBA graph have a
Jordan number of either one or two; the maximum
Jordan number is only three. This means that all
players are connected to Jordan through at most
two vertices, which again confirms that NBA is a
‘small world'.

Similar collaboration networks have been
considered for soccer and other types of sports.
All such networks consisting of players have
proved to be ‘small worlds’. One might suppose
that rks which can be in the
same way for other team games or leagues have
similar structure.

There are many interesting questions related

ﬂcwmaipcﬂsm'odt’Howanm
knowledge from this i
* How can the future of a sports network be
predicted from the current state of the
network?
Answers to these questions may have
dcations in <

advertising strategies, ticket sales, and safety in
large sporting events.
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