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Who Is the Best Player Ever? A Complex Network
Analysis of the History of Professional Tennis

Filippo Radicchi*

1041 Department of Chemical and Biological Engineering, Northwestern University, Evanston, lllinois, United States of America

Abstract

We considered all matches played by professional tennis players between 1968 and2010, and, on the basis of this data set,
constructed a directed and weighted network of contacts. The resulting graph showed complex features, typical of many
real networked systems studied in literature. We developed a diffusion algorithm and applied it to the tennis contact
network in order to rank professional players. Jimmy Connors was identified as the best player in the history of tennis
according to our ranking procedure. We performed a complete analysis by determining the best players on specific playing
surfaces as well as the best ones in each of the years covered by the data set. The results of our technique were compared
to those of two other well established methods. In general, we observed that our ranking method performed better: it had a
higher predictive power and did not require the arbitrary introduction of external criteria for the correct assessment of the
quality of players. The present work provides novel evidence of the utility of tools and methods of network theory in real
applications.
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Co-founders of Gougle

- Ph.D. students of
Stanford University

Larry Page ®

- Invented PageRank
algorithm

Early "90s start Internet Era. Sergey Brin

e

- the first Internet search engine, W3Catalog (1993)
- Lycos (1994), Alta Vista (1995), and Yahoo! (1995)

- Google (1998) Contents based algorithms
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Link analysis algorithms

PageRank (Larry Page) HIT algorithm (Jon Kleinberg)

Hyperlink-Induced Topic Search hubs and authorities



- One of hundreds of factors
Google considering for better g
search results

- Alink analysis algorithm o 9 ’/‘

PageRank

1. A random surfer (walker), starting from a random web page,
chooses the next page to which it will move by clicking at random
one among the hyperlinks in the current page. (with probablity d)

2. Otherwise, with probability (1 — d), the surfer jumps to any web
page in the network.

3. If a page is a dangling end, meaning it has no outgoing hyperlinks,
the random surfer selects an arbitrary web page from a uniform
distribution and “teleports” to that page.



the probability to be on page | random teleportation

at time t
damping factor d P

N if page j has an

—_ -

Tt outgoing link to i,
pij =1/ A’?Ut / otherwise 0

pij = 1/N <. if pagejis adangling
end (l;fJ?Ut = 0)

n(t) = dPm(t — 1) +




For © — o0, 7T(f) converges to the stationary state

(1 —d)
mw(t) =dPm(t — 1)+ v 1
(I — (lp)ﬂ' — (1;,.(1) 1 solution of this linear
‘ system
or
Google matrix
\ (1 —d) | .
G = dP + —~F. where the matrix £ = 11
N is 1 for all elements
W(f) — Gﬂ'(f — 1) For d<1, left stochastic, aperiodic,
irreducible!

PR vector 7T is the principal eigenvector of the system Gm =
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Public Belief vs. Truth

' PageRank is more reliable when d is
- close to 1, since network structure is
' more reflected.

No. when d goes to 1, only
' sink component emerges on

——————————————————————————————————————————————

'No. it is rather drastic than
- a gradual transition. Why?

' When d decreases, it is only fade-out
- of network structure gradually. There is |

. only smooth transition into uniform. e
When d s small enough, we can deal WelL. | dont think so,
this perturbation approach. Let's go... -Small enough d?
IS perturbation a pproach. L 90 l "It probably depends on the
| ' network size.
|

Actually there is not enough knowledge about the PageRank.



Dilemma of PageRank

d=0 d=1

damping factor
< tuning ) ;; O

d

All-to-all. randomly, Following a network
uniformly structure

When d is O, trivial uniform distribution.
As d goes to 1, the network becomes more important.
What is the best value of the damping factor d? |s getting close to 1 ideal?

No, contrarily to popular belief, when d goes to 1, PageRank gets concentrated in
the OUT components (“rank-sinks”) .



SCC decomposition

rank-sink

Figure 1. (Color online) SCC diagram. (a) A directed network can be decomposed
into several SCCs. Each red-dotted circle in (a) delineates a SCC. (b) A directed
network can also be abstracted imto a SCC diagram through coarse-graining. This
abstracted SCC diagram is an acyclic weighted network, containing self-links (denoted
by w;;) and size-heterogeneous nodes (n;).



S. N. Dorogovisev and J. F. F. Mendes

Big picture of
a directed network

Bow tie diagram

318 A. Broder et al. / Computer Networks 33 (2000) 309-320

Tendrils

. a4 Milion e ____

44 Million nodes

6. Structure of a directed graph when the giant strongly connected component is
present [112] (see text). Also, the structure of the WWW (compare with figure 9 of
reference [6]). If one ignores the directednes of edges, the network consists of the
giant weally connected component (GWCC)—actually, the usual percolating cluster—
and disconnected components (DC). Accounting for the directedness of edges, the
GWCC contains the following components

o
\Q o

O ~——— Disconnected components

Fiz. 9. Comnectivity of the Web: one can pass from any node of IN through SCC to any node of OUT. Hanging off IN and OUT are
TENDRILS contaming nodes that are reachable from portions of IN, or that can reach portions of OUT, without passage through SCC. It
15 possible for a TENDRIL hangmg off from IN to be hooked into 2 TENDRIL leading into OUT, forming 2 TUBE: 1.2, a passage from

a portion of IN to a portion of OUT without touching SCC.

A. Broder et al., “Graph structure in the Web,” Computer Networks 33, 309 (2000).
S. N. Dorogovtsev and J. F. F. Mendes, “Evolution of networks,” Advances in Physics 51, 1079 (2002).



Directed network

Q.

GIN

(O escc (Qp

0}95'&:30‘ al

“Ras

S
&P

oY/
0O

GOUT

GWCC



Google.dat

5590 @ Sauo ®. 223900 ®
o . 156330) @209m1(0)
* 0) 20050200) 319457(0) ® 448000)
s 122720 ST 15215911891 3240) ® e Pl el B -
t a n a @ 7s50) [ J— % P Oosan) @ 1seica0)'52520)
" @0c0) 3 eoos40) 1357850) 23261(0)
132865(0)
®aas70109 L— i H5N0) Q2550 ®ceang
.
143848(104) [ - L .‘nwm;
@570 53200_@,
o ®250130) TS0 3
144582(30) ,2i3540) 265090 — =
® 0 = 3440950 0 ®m00
®rsa00) o .132894[0] ‘wzawul 202154(0) ®, 51000
o,
D ° s W ssizon. @ esmg
, S a2sn210) [ g [ J— ® 00 500 @50
3140 ‘5‘57‘3535610! [ Yo" Y @ @, m50) rsar90)
° °
®1e35030) Osiesision . 1357250 @00 @i 0 1607430)
® 472177(0) 77020 SS576(0)
590176(0) T e —— ®5s5110)
°, ..
591835(0) - 33374100 .1«725101
Al
Q50170 @770 ° 22360
Y .msn[nl 108726(0)
151714110} )
15%530) 35320) .
[ 4 o, 206348(0)
2670260) Q.50 4750 ®2r750) s
243872(0) 73920(0)
06150} Qciia0) ®235090) !
° 540996(0) °
.1 50221(105) I [ $ ® 510 747330)
147430(%8) 132444(0)
. .m«[ﬂn °, @505
57073(0) ,. N 547080)
s122230) 2953040)
ssie120) 1517701 2 [ J— .30 @)
°. .
14 1474(0)
o L) 0) ®n8a0) .97|2s(01 220474(0) ) 167
&m0 2995580) 200
304 PY ®1452900)
0113) 1351370104) P
090
%‘Z‘W @500 105050
®1130166) % ®132350)
.SBKM.ZIDI 375150) LS.
5e11450) °
.‘Mﬁ *z290) 4290 0
557054(0) ° o ®1257040)
®1aa0870102) .uznu:mm 250876(0) o020y | 312330)
O s 000 ®i0 Oy ©20susans)
‘ .“‘m%mn. Bispsrn T
SO0 150659108) 3571 scn O 27escae 42062t
-
© ooociirsBnnaereesTnan
e 3 £
® oo S0 R“m;;m,a
o, P e
kg P07 Y ) sismga
o 16462 101439)
® Oy 2T - 0, 00 § :
.. ° 19411
s *17a03 1764510) 2194(11)
*13%811 ° 20913 2
@575 2 ) 225000)
S 29175 o, *20 @)
o [ J— o 20246 &m0
5955(23)
* 21781 - * 21788 o L e
° 252298 °
25 % ®con3 i 12922985077 ® i i i
24 [ Joe. ® o, e 3400763 - ®senanz)
51238 ° .3‘ T m’nm -
.2|28’|3
@5 @ 6”7310\27329{0) [ 2
201768 Oy - ©25a768)
.
150801 [ . .wysn(u] ’12333[01 ® 050
z 671030) °
° ° SU*‘ 1278541)
2(32)
a9 10022532 musml..m"“‘
. [ Ty, .Wm 3230
155567 560420) 2670(0) ®
43463(100)
@ 555055 1526240) e
®yq) 9 . 14567(0) @700
‘muze 737800 ®g07200) °
‘zmﬁ(m ® o261 455040105)
O BE o
. ® 367 ‘m7‘1uuzrm 8446(29)
150582
@509 L 2
@550 ®.56)
[ 2 L) . 7810 @i
o
= ® 530070 Al
®172159 o162 (Y @ isos1on
[ * 16485 Lo
. ® 172206 © 0 Q)
285409 ®05m
®uos @ 5 12 ®iisii r a [ e
@0 129245 ® 0 17201 125035 .
[ 64011 1282 [ T
®x143 Ocxnn 172200

NotreDame.dat



Twitter.dat '

Wikipedia.dat--

®.
5un 39915

P 12840
S0 o
. ° %0636
144840 b A *sane
133691
L2
g a3 18746 351633
177263
. 135240 ;1505
Ry * 33816
i Sgao @
135956
° 7% 0
136058 A .
20756..* 133067
® .
47534 ‘ P
®so614 136852 O
45723
3535 267
O 52
@ ® 35260
535050 s
®idioas
b
@20
Cesarse
25114
o
230923 -
* 75335
1934
®me \ 04609
prage 107613
166155137685 126192 " 159756
® 'Y 40044
® 434037 225476 nz
® 70057, v 5324
43 . ®g4589
705057 397653 L S
Cuim e tens @i
162229
..
X
o Qe @535 Q.o .
36960485
.m]m;mssm w97 O:3ues ® 205000
A3 o £ aes12m * 18151182
) ® 3000000 31143135 j
17796642
% P
® 6600522 30059843 14600745 Pocrinis
..
20620 @onan .
29674139,
® 18212609 ®,19508215 25387642 31317009
RET ® 00201
31408584 ‘2185:531 .30383375 ¥
35962977 ®155g6757
© 35260591 o Snams
‘ 0539738
®oissssy, GBS N
© 21525784 s T 20082145
° © 0sas554
g7t — O i
® 03508 ® 0508
o turnew
35057789
[ Jr—" ° ® 206819
=T Fo
®16087473 o 2842545
’25523270.20975673
b 2792618
* @ ers00
32458513 =
18 37276640
7 ©2c7as 25098
° 18563120
3212809 -
b o @i sy
b 2126328
27330656 .
L AT A ® .m0 17646577
L — ®2xnn2 % 178121
18332326
®,00 ® 0500
L e
..

31093267

K  2u7sasa2
smsnus 7 o @arsanet

5 5249410

2520113

*15m162

.
” ® 25600) 6729(0)
2396(0)

. RaySoda.dat

*sx90 o .
145620) o,
o *s10) -
15328(0)
*
D 180200)
149070) P
®114650)
7468(0)
®ar110)
S
o,
5148(0)
Sy
° o — = 15270
15341(0) ~—
° T @520
39430)
° g0
5 78730)
3891(0)
.
171580)
*10521(0) .
129720)
L2
®164020154) 1082200 e 125700
*unzn La— -
°
Hs3H120) @510 G
175580
. @210 0
1|
®1102668) 10010 L *148700)
. P
@, 50 126600 @ 4g5q(0) ® 112040 5130)
G ®1s4000) @ $157590)
154860 ®e36710)

Top 100 largest SCC

and connections between them



BerkStan.dat

@ &
® o270y 597680) * 152159(112)591324(0) 2005020)

™
® 3rememy  2916840)
.413715[0]
® 1 494671103)
1 43848(104)
591317(0)
@ 44589
(30)
®0201381)
® 3975000)
®5553270) .432834[0] .432866[0]
®
*so13140) @ 00120 502?47@483192[0] .55357[[]] .
£6738(0) 55358(0)
L . 51570[?]55355[0]. Sumn @
® 413608(0) 139316(0)
@7 S0Be150) .
(0) ® o 135725(0) @001
®5918350) £25051(0)
@ -
5918170
N 0 @550, ®
151714(110) .299243[01 71670(0)
.237025[0] 313664(0) 4 S06746(0) S
. N 153853(0)
508615(0) 310857(0) ®
544179(0)
®150221(105) ® 0521500 .453374 0 @
. \ 541993(0)
147430(96) B 238413(0) 540996(0)
® 5707310 ABTEN R 285238(0) 50000 215355(0)
~
581812(0) / \ 266284(0) 524651(0) 534824(0)
301156(0) ® ®
.1 43676(87) SIS0 615177(0) 542223(0)
® AN1191(0)
432047[01 304532(0) 295589(0)
153298(113) JN0166(0)  ©308134(0)
421554(0)
®
143198(36)
Q0000
®5511450)
1 340540)
587054(0)
'14908?[332]
146823(95) .
14584 120031(0
.531323104 @ o
55335(0 @ 51741(29132000)

589155(0) 5 @. .
O sne890106)4535715B 59131 5@2?8503[0]’420529[486]“975[91]



NotreDame.dat One GSCC and all SCC is OUT since it is a crawled data.

-
15.12953204 125245 —
e L
228130
“1?21‘@ 164857

®472160 ol 25057,

175927 172150eg
9944

215326,

966449
® 290029
&sqms . 172203

.28753

¥01457a
129224

® 31458

63532
12923476 292009
1367 129231
- T 245938 *® 120022
255404 - :
21391 ety ; _ g ———
— . 217375
/ N 124604
55194 = .
177361 { , 43051
133021
126265 129228
65233 /
172202 P
& 20em ' 129236 129250
292010

@

111654

.TZSZZ =

e K307
129223

1721519
127713

228131
141031

129535
417686 /

e

129230
129225

17129680

Connected top 100 largest SCC

”‘]?2154. 129227 ;
5575 17257099
12981725669 178 1290006076 1722

So, this definitely reflects there is serious sampling bias.



RaySoda.dat

@
]

o, 216837158

15647

&
@, 26258
R1a045°2

. #5425
11248

7454
®259

‘1 7458
14562

15877
162445

18020

15283
17494

307

8%

1..&; 6380

150375399

16678

16635 ‘514‘51313 14712

17558 $161820e
161825539
14991

943
14870 15883

10021

1815053

813761




Ny
-~ -@<
Ny
*
Sto Moist fand
o snow * oisture over fa \

e
™ Precipitation

., onland

: "-:: 'Yy Evaporation from land

Precipitation
on ocean

0
? 0‘0 N

Evaporation from ocean

S 58

Evapotranspiration

Evaporation




Evaporation from land

Evapotranspiration

Evaporation & precipitation:
random teleportation

a Strongly Connected Component



Effect of a damping factor ?



Stanford Web data

Table 1. Summary of the Stanford Web data.

Number of Number of Average

Number of
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SCC decomposition diagram
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Correlation coefficients

1. Pearson correlation

L R (X (oY)
VEL (= X)PYEL (- 7)°

2. Spearman rank correlation
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3. Kendall's tau rank correlation
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How the PRs look like...

Rank-reversal
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Figure 2. (Color online) (a) Standard deviation of the PR of the Stanford network,
along with its minimum and maximum. The standard deviation of the PR gradually
increases as the damping factor increases. In the insets: the minimum of the PR
follows a trivial linear relation, while the maximum is nontrivially correlated with the
value of the damping factor. (b) PR values of the three nodes having the highest PR
are traced as the value of the damping factor is changed. Rank reversals occur around
d = 0.55 and d = 0.75.



Relation between in-degree and PR

e S 1.0 : : . , : : . : : :
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Figure 3. (Color online) The relationship between incoming degree and PR. The
left panel clearly shows a positive correlation between the incoming degree and PR
for dy = 0.85. It agrees well with the mean field result of Ref. [27], indicated by
the solid line. The right-side panel shows the three different correlation coefficients
between incoming degree and PR at different values of d. The correlation increases as
the damping factor decreases.

S. Fortunato, M. Boguna, A. Flammini, and F. Menczer, “On Local Estimations of PageRank: A Mean Field Approach,”
Internet Mathematics 4, 245 (2007).



Rank changes depending on damping factor d
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PageRank correlations
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On a single SCC ?
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Summary

v These days Google’s PageRank (PR) is deeply
related to the success of modern businesses or
the ranking of athletes, scientists, their paper,
and even scientific journals.

v" We have investigated PR as a function of its damping factor on a subset of
pages from a single domain in WWW.

v' Rank-reversal occurs frequently and over a broad range of PR.

v" Rank-reversal happens not only in directed networks containing rank-sinks
but also in a single strongly connected component. This is due to the
presence of rank-pockets and bottlenecks.

v" A better understanding rank-reversals may be essential to optimizing the
stability of PR, to thwarting attempts to cheat such as spam farms, and
ultimately to determining which scientists will be cited, which products will sell
, and which businesses or other ventures will prosper.



To get more eigenfactor...
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