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Microblog Rumor Detection Method Based on Propagation Path Tree Kernel Learning

XU Jian-min' , SUN Peng' and WU Shu-fang®
1 School of Cyberspace Security and Computer, Hebei University, Baoding, Hebei 071002, China

2 School of Management, Hebei University,Baoding, Hebei 071002, China

Abstract The rapid development of online social platforms such as microblog promotes the widespread propagation of various
rumors information,thereby posing potential threats to social order. Rumor detection on microblog can effectively curb the spread
of rumors and is of great significance for purifying the network environment and maintaining social stability. In view of the fact
that the traditional rumor detection model only considers the characteristics of users,contents and communication statistics,and
ignores the structural problem that the characteristics of users’ influence and emotional feedback increase with the forwarding and
comment relationship in the process of rumor communication,a path tree kernel rumor automatic detection model based on the
microblog information propagation tree is proposed in this paper. It embeds users’ influence, emotional feedback,contents into the
nodes ofpropagation tree. By calculating the path similarity from the root node to the leaf node in propagation tree,the similarity
between the microblog information propagation tree structure is obtained. Furthermore. the model uses the support vector ma-
chine classifier based on the propagation path tree kernel todetect microblog rumors. Experimental results show that the accuracy
of the proposed model reaches 93. 5% ,which is better than that of the rumor detection models without considering the structure
of propagation path.

Keywords Propagation path,Propagation tree, Microblog rumor detection, Kernel method
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Fig. 7 Thermodynamic diagram of feature correlation coefficient



RIE R L 45 AL BB AR AL 2 T 1Y BT 0 35 A6 0 O vk

347

N7 T LA H 3 R R e ) R0 RO 5 S i R A
56, B3R 5 A5 B I B e g Bl s R B R R S e g D
18 IR R B TH R .

ST I UE B 3G REAE 04 A RO L 43 i) RO )R AE 1 4G
oK 385 TE T B R A X 8 A I R R S R, AR 25 SR R 8
R R AR B AT AR F AL GEARAE BFCR 1 Fh M R 12 4R AE
TN & SCAR AR | A% G2 R AE I A Rl 5% 7 R U R 5t 4 AE
BIEF Ll &% PPTK (BIEF i I+ 1% 4% % 42 45 44 ¥ i) . BF #
BIEF #)ifi F 2 F 2 M A% SR B SVM 432428,

095 |- Rumors Precision
Rumors Recall
M Rumors F1

090

085

080

075

0.70

BF BIEF

PPTK
8 AL ZH & 1% & A AE xT LE 18]
Fig. 8 Comparison of rumor detection performance with different
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Table 3 Rumor detection performanceof different models
- e %= E

A BAE kx amw Fy BEE  BEE Fi
BOW 0.726 0.687 0.879 0.767 0.795 0.581 0.661
DT-Rank 0.732 0.738 0.715 0.726 0.726 0.749 0.737
SVM-RBF 0.815 0.793 0. 848 0.819 0. 840 0.782 0.810
TF-IDF 0.827 0.801 0. 866 0.832 0.857 0.784 0.815
RFC 0. 849 0.786 0.959 0. 864 0.947 0.739 0. 830
GRU-RNN 0.899 0. 865 0.946 0. 904 0.940 0.852 0. 894
HSA-BLSTM 0.905 0.875 0. 957 0.910 0.939 0.862 0. 899
SVM-HK 0. 880 0. 866 0.930 0. 896 0.911 0.861 0. 885
SVM-TK 0.902 0. 855 0.968 0.908 0.963 0. 836 0. 895
RvNN 0.908 0.912 0.897 0. 905 0. 904 0.918 0.911
SVM-PPTK 0.935 0.914 0.961 0.937 0.959 0.910 0.933
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Fig. 9 Comparison of early rumor detection performance of

different models
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