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Abstract Influence maximization is a problem of finding a small set of seed nodes in a social network
that maximizes the spread scope of a propagation item. Existing works only take into account the topic
distribution on propagation items, but ignore the interest distribution on users. This paper focuses on
how to select the most influential seeds when both the topic distribution of propagation items and the
interest distribution of users are taken into consideration. A topic-interest independent cascade (TI-
1C) propagation model is proposed, and an expectation maximization (EM) algorithm is proposed to
learn the parameters of the TI-IC model. Based on the TI-IC model, a topic-interest influence
maximization ( TIIM) problem is proposed, and a new heuristic algorithm called ACG-TIIM is
presented to solve TIIM. ACG-TIIM first takes each user as a root node to construct a reachable path
tree, roughly estimate the influence scope of each user, and then sorts all the users according to the
estimated influence scope to select a small number of users as candidate seeds, finally uses the greedy
algorithm with EFLF optimization to select the most influential seeds from candidate seeds. The
experimental results on real datasets show that TI-IC model is superior to classical IC and TIC models
in describing propagation law and predicting propagation results. ACG-TIIM can solve the TIIM

problem effectively and efficiently.
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3) HIEH (true positive, TP). Tl H i B 52
B Ay 1% BR B 45 R

4) R IE M (false positive, FP). Tl 2 7 BK 52
PR SR 7 16 BR B 245 5 KR

5) HE11 ] (true negative, TN). T A A i Bk
SR S A 1 IR ) 4 R

6) {17 f6i] (false negative, FN). Tl Jg A= 1% Bk
SR BRI 48 4

7) K3 (precision, P) .

P pt P
8) A M & (recall, R):
R= 15
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2XPXR
P+R ~

10) ROC £ T i #1 AUC. 42 J8 3500 (1) 48 2 {8
Xt 45 S HER - 315 ROC il 47T AR
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Table 1 Mean Squared Error of Different Models in Digg
®1 Digg LRAREBNHFTIRE

Fl1-score=

Model MSE
1C 0.0481
TIC 0.1415
NIC 0.6951
CMPP 0.2314
TI-IC-UN 0.0523
TI-IC 0.0268

Table 2 Mean Squared Error of Different Models in Last. fm
%®2 Last.fm P AR#EBHHFIRE

Model MSE
1C 0.5123
TIC 0.5075
NIC 5.3972
CMPP 0.7328
TI-IC-UN 0.6321
TI-1C 0.3277
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Fig. 2 Accuracy of different models in Digg dataset
2 Digg SRS 1=K A BUR T 190 %
1.0
)
5
3
~
—o— TI-IC —a— CMPP
—<— TIC —— TI-IC-UN
> IC —— NIC

0.0 0.2 0.4 0.6 0.8 1.0

T

Fig. 3 Accuracy of different models in Last. fm dataset
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Fig. 4 Fl-score of different models in Digg dataset
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Fig. 5 Fl-score of different models in Last. fm dataset
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Fig. 6 ROC curve of different models in Digg dataset
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Fig. 8 ROC area vs topic number in Digg dataset
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Fig. 9 ROC area vs topic number in Last. fm dataset
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