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Positive effect of key player detection in social networks

WANG Xindong', YU Hua', JIANG Cheng’

(1 School of Engineering Science, University of Chinese Academy of Sciences, Beijing 100049, China;
2 School of Information, Capital University of Economics and Business, Beijing 100070, China)

Abstract Identifying influential nodes has been one of the most intensive studies among network
analysis, and it is essential to control social networks. However, most of the existing methods are
based on local features and lack the modeling of the overall network structure. In order to solve the
key player problem positive ( KPP-POS) problem effectively, we propose a 0-1 integer linear
programming model (IP-KPP-POS) based on the detection standard Dy of KPP-POS. Then, we
design a local search heuristic algorithm that significantly reduces the computational complexity and
simultaneously achieves high accuracy. Finally, the effectiveness of our methods are validated by
experiments with various synthetic networks and real-world networks.
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Table 2 Greedy algorithm for key players detection

Procedure KPP-POS Greedy algorithm

Input: Graph G and the number of key players k
Output; the critical nodes set S
1. Select k nodes at random to populate set S
2. Set F=fit using appropriate key player metric
3. For each node v in S and each node v not in S
a. DELTAF =improvement in fit if u and v were swapped
4. Select pair with largest DELTAF
a. If DELTAF <=zero then terminate
b. Else, swap pair with greatest improvement in fit and
set F=F + DELTAF
5. Go to step 3

6. return S
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Table 3 Heuristic algorithm for key players detection

Procedure IP-KPP-POS Heuristic algorithm
Input; Graph G and the number of key players K

Output; the critical nodes set S *
1. Initialization CNK = (/}.

2. While( | CNK |# K ) do
3.c+ al;%IEnIz,lx% aij * xij|

. CNK « CNK U |c|
Ve—VW\i{c!

. End While

.S* « CNK

8. For [i,j] € V*Vdo

9.Ifi € CNKandj ¢ CNK then
10. CNK «— CNK\ { i}

11. CNK + CNK U {j}

12.1f 0bj( CNK) > 0bj(S™ ) then
13. 8" « CNK

14.Else

15. CNK < CNK\ {j}

16. CNK < CNK U {i}

17.End If

18.End If

19. End For

20. return S * ;
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Table 4 Experimental analysis on a specific E-R random graph

Graph IP-KPP-POS IP-KPP-POS J5 & R KPP-POS #yakiap:l14)
KP T/ KP T/ KP T/
N E K Ob Dy Obj Dy Obj Dy
& ms 4% ms £ ms
15 41 1 9 {12} 15  0.8214" 9 {12} 0.5 0.8214" 9 {12} 5 0.8214"
15 41 2 12 {1314} 17  0.9615" 12 {614} 0.7 0.9615" 12 {6.14} 7 0.9615"
15 41 3 12 {56.14] 18 1* 12 {12.6.14} 1.0 1* 12 {14.6.15) 10 1*

h ms ;M Dy, 27 15t ) 25 458 S8 R A A AL R
Febre LAR® = 7 TR el X R — W 25 00 AL 3R B
W —J7 .

2K AE AT BIHC 1.2 F1 3, B 4% v A Ry S A
RSB H S 1.2 R0 3 I, 3 AP R
Dy fHHERAAIR] . 3% R 7 OCHE Y 28 H 4390
1.2 F1 3 i, IP-KPP-POS £ #1 1 IP-KPP-POS i3
RAFIEIR KPP-POS 57 48 5 VL 75 ) 26 R 3800
WAk — 5, {2 IP-KPP-POS Jii % & 8 1115
FTEF 2B BT IP-KPP-POS #1#1 Fil KPP-POS

g R
E1 %% E-R BEHLE 4.2 ZFhIEBIFEHI R

Fig.1 A specific E-R random graph R ) .
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Table 5 Experimental analysis on various types of random networks

Graph IP-KPP-POS IP-KPP-POS Ji k1 KPP-POS % gl 14]
N E K Obj T/ms Dy Obj T/ms Dy Obj T/ms Dy
20 56 1 9 17.5 0.7368* 9 0.8 0.7368* 9 6.7 0.7368"
20 56 2 14 19 0.8889" 14 1.2 0.8889* 14 7.8 0.8889"
20 56 3 16 30 0.970 6 16 1.5 0.9706* 16 9.7 0.970 6"
50 383 1 24 47 0.7449" 24 1.6 0.7449" 24 8.3 0.7449"
50 383 2 36 108 0.8750" 36 2.4 0.8750* 36 12.3 0.8750*
50 383 3 43 224 0.9574* 43 3.0 0.9574* 43 18.5 0.9574"
70 683 1 28 49 0.7029* 28 1.8 0.7029* 28 10.7 0.7029"
70 683 2 47 157 0.8456" 47 3.2 0.8456* 44 19.8 0.8235
70 683 3 57 9. Oed 0.9254" 55 4.6 0.910 4 55 28.4 0.9104
100 1538 1 44 63 0.7222* 44 2.7 0.7222* 44 16.3 0.7222"
100 1538 2 69 4.3e3 0.8520" 68 4.6 0.846 9 67 30.6 0.8418
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Fig.2 “9.11” terrorist network dataset
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Table 6 Comparison on a real terror network dataset

kS KP % Dy
Borgatti’ s Key Player Set ['4] {5, 34, 46} 0.7889
McGuire’ s WKPP-POS [17) {5, 34, 46} 0.7889
IP-KPP-POS {20,34,561 0.8111°"

RERARIE 5,34 F146, Dy, BN 0. 788 95 1fii A< 3BT
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Table 7 Comparisons on the Facebook dataset

IP-KPP-POS Ji & Ak

KPP-POS ik s [14]

K Obj T/ms Dy Obj T/ms Dy
1 71 520 0.4856" 77 51 0.4856"
2 104 870  0.5341 102 86 0.5365"
3129 1.2¢3  0.6180" 129 122 0.6180°
4 153 1.5¢3  0.6543" 151 165 0.6524
5 168 2.1e3 0.6777 169 204 0.6796"
6 185 2.4e3 0.7131 182 236 0.7146"
7 199 2.7¢3  0.7358" 194 295 0.7333
8 206 3.2¢3 0.7517 208 337 0.7557"
9 215 3.9¢3  0.7668 216 387 0.768 2"
10 223 4.1e3 0.7854* 223 427 0.783 6
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