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Abstract

LeaderRank has been widely used in ranking algorithms to measure the influence or importance
of users in social networks, but traditional LeaderRank only uses edge-based relationships and
ignores high-order relationships captured by a subgraph composed of a small number of nodes. In
this paper, we propose a Motif-based LeaderRank (MLR) algorithm, which incorporates the high-
er-order relationships of Motif into the LeaderRank algorithm to improve the ranking effect of so-
cial network user influence. We perform experiments on the Twitter dataset, and the results not
only show the feasibility of the MLR algorithm, but also significantly improve the accuracy of the
ranking of user influence in social networks. In addition to comparing with the baseline algorithm,
the parameters of the MLR algorithm are also analyzed, which shows that the MLR algorithm is
better than LeaderRank when ranking user influence in social networks.
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Figure 1. A schematic diagram of the LeaderRank
algorithm. The algorithm introduces a background node
in the original network
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Figure 2. 3-Node simple Motif based on social network triangle relationship in directed
unweighted graph
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Figure 3. Network without attributes
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Figure 4. An example for a simple 3-nodes Motif
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Figure 5. An example for computing M based adjacency matrix
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Figure 6. Virtual node
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Figure 8. Community G, (16,17) first-order matrix W
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R ERERRYE, BT 3-79 A5 B Motif (&Y 5% & & 9 3] LeaderRank ik HF AT AT 1.

FHEE 1 DA 3 MEREE IR, 55—, 7F Twitter 204 I, FATATLUE ], K #K, NDCG {H/),
X EWRAE 2 ) SAF EARHE A R M RETE R 55, AR LAE BIAE Twitter E ) BLR 1 WLR 7£
K = 10 if NDCG KF 0.96, K = 50 iff NDCG KT 0.94, K = 200 i}, NDCG KT 0.92, idAIHEH i
MLR A] LK; NDCG 7E K =10 B M 0.9637 $#2£7+2 0.9875, 7 K = 50 I} A 0.9434 #2275 0.9649, 7£ K =200
i 0.9256 #2713 0.9479. 5=, AR BLR Al WLR [{] NDCG fE AL, X 5 M5 1 3R A AR
HA W RKZHIN AL .

MFRTHT, T AT W2 = A1 96 R 11 3-79 )T HL. Motif s 8 R 52 T i) LR RS
#I| LeaderRank A LAFE iy 41 38 W9 26 FH 7 50 HE > (0 A 12k o

2) a {5 HT
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Table 2. NDCG values of M;~Mj5 in Twitter dataset top10, top50, top200
& 2. M,~M; 7£ Twitter Z{#EEE top10. top50. top200 Y NDCG &

Twitter
TopK 10 TopK 10
M, 0.9742 0.9565 0.9360
M, 0.9767 0.9484 0.9371
M; 0.9826 0.9595 0.9479
M, 0.9772 0.9475 0.9259
Ms 0.9781 0.9627 0.9452
Mg 0.9875 0.9599 0.9378
M, 0.9758 0.9649 0.9424

EARE@)F, BRATHSE o KAEHIEE T 1AM B0 /AT AW 28 =M K R 13- SUE 5 Motif
=B R R AP T . 2 a=0 0, BAUTH SN RRHFT IR . Ha=10, XEHRERINCEET
W EER REAT R . AR, AR U6 S T2 NDCG RIHER T .

TR W, RATBINE 2 FELK =10, K =50 F1 K =200NDCG 18 fx K Fr 38 [ () 3-74 55
B Motif, Bl K=10 B Mg 475258, K =50 BHE A M, 34T 5256 F0 K = 200 B A M, 35475256 3%
I LAE R, ERZHEIEN T, BR800, JFEAE0, 11 HEEAME T USRS Wi . X =
Wk 5 B A A 2 T B O R AN T AR AT W 4% = A 9% R I 3-71 AL B Motif fI TN 9% &R, NDCG
Wit B . Twitter £ M, 1) K=200 HEF 45 KA M; B[ K =350 F1 K =200 /7 45 501 e e 2
fEa = 0 B SEILR), BPAASE FH 5L T4 A2 I 28 = A7 5¢ R 19 3719 s {7 5 Motif (=P 6 R X FIRER I,
BT AE W 286 = A1 9% R I 3-719 AUTRT B Motif R By 5% 8 1] DA 4k 28 I 28 B P s i gk 4 s (S
B
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AT, AT LATHEAS 2 Twitter | Mg 7E top10 5 HIRCRIE R T 2%, 1E top50 J7 HICRSE S T 1.7%, top200
J7TH R SE R T 1.3%; Twitter | M, 7E top10 77 TH 2R HE 5 T 0.8%, 7E top50 77 TH AR HE R T 2.2%, top200
J7TH R e R T 1.8%; Twitter | M 7E top10 77 TH 2R HE 5 T 1.5%, 7E top50 77 TH &R HE 5 T 1.7%, top200
TR T 2.4%. HUILRY, BT84 = 96 R 11 3-75 55 7 B Motif (R ok R 53T
B R R LA G B LeaderRank 7] LA$E S+ A2 W 4% FH - 8000 70 HE PP IR vREAff 12
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Figure 10. Parameter analysis of o on the three datasets. (a) Running alpha
parameter analysis of Mgon Twitter; (b) Running alpha parameter analysis of
M; on Twitter; (c) Running alpha parameter analysis of M; on Twitter

B 10. £ Twitter BIBE L o SHSH. (a) 7 Twitter LIBETT Mgl a
BOH; (b) £ Twitter E1B1T M, B a 285 47; (c) 7 Twitter £iz

M; B9 o S8R

3) Z o

N T 78 MLR S0 HER Y, JATTAAL X P 41 BLER I 55— AM4E X, AT 10 AN P IR H: NDCG
ERPIME. 45 RaE 3 R, 1EHET M~M; [ MZ Motif 1217 MLR 53, Frf32IR67 10 L 10
NDCG 1H [T 3518 .

Table 3. The average of the NDCG values of the top 10 users
# 3. B 10 BA A NDCG {ERIFHME

Twitter

Average

BLR 0.9412
M, 0.9632
M, 0.9558
M; 0.9768
M, 0.9582
M;s 0.9647
M 0.9783
M; 0.9604
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