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Stance Detection Based on User Connection

L1 Zi-yi,ZHOU Xia-bing, WANG Zhong-qing and ZHANG Min

School of Computer Science and Technology,Soochow University,Suzhou,Jiangsu 215006, China
Abstract The main purpose of stance detection is to mine users’ attitude towards topics or events. Different from other text clas-
sification tasks.the expression about stance is more obscure,and the attitude is more sensitive to users. The current stance detec-
tion methods mainly model the information of topic content itself, which ignores the user background information. However, the
information of users and their preferences greatly affects the accurate mining of text information, which enables the potential in-
formation characteristics to be obtained through the associated user information. Therefore, this paper proposes a user connection-
based stance detection model (USDM) ,which builds a user connection by constructing a graph of users.and mines similar text
stance information under the same user from a global perspective by convolution operation. At the same time.attention mechanism
is added to enhance user-aware text representation. The experimental results on the public dataset H& N14 show that the pro-
posed model achieves better performance than other models. Meanwhile,ablation experiments show that user association informa-
tion and attention mechanism play an important role in improving detection accuracy.

Keywords Stance detection,Graph convolutional neural network, Attention mechanism
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Table 2 Distribution of H&.N14 dataset

33 Abortion GayRights Obama Marijuana
X/ % 54,91 63.37 53.91 68.53
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T A3 1741 1376 985 626
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23 USDM 5 baseline I L5

Table 3 Comparison between USDM and baseline
A 4 Ak Abortion  GayRights  Obama Marijuana  Average
SVM 61. 36 64.49 59.39 70.63 63.97
BILSTM 60. 83 66.18 59.39 72.80 64. 80
BILSTM -+ 74.41 71.01 69. 04 76.98 72.86
74. . . 04 . .
BERTBASE
UTCNN(Chen
82.40 85. 10 74.30 81.40 80. 80
and Ku,2016)
Inference ~
N 79.90 80. 20 75.10 77.40 78.20
(Li et al,2018)
TGA
64.49 68. 00 60.71 68.00 65.30
(Allaway,2020)
USDM 82.51 82.97 91.37 83.33 85.05
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Table 4 Ablation experiments
A A 4 K Average
USDM without (Glove, Attention) 77.70
USDM without Attention 84.36
USDM 85. 05
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