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Multi-domain Fake News Detection Based on Cross-feature Perception Fusion

WANG Zhen-Qi, CHEN Tao, ZHANG Bao-Yu, ZHANG Ming-Li, SUN Chen-Yu, ZHANG Wei-Shan
(Qingdao Institute of Software, China University of Petroleum, Qingdao 266580, China)

Abstract: The dissemination of false news in various domains has a serious impact on society. The problem of domain
shift and cross-domain correlation of news between different domains also poses a great challenge to the prediction ability
of the model. To address the above problems, this study proposes a multi-domain fake news detection method based on
cross-feature perception fusion. This method can capture multiple feature differences in news between different domains,
mine the correlations between news, and control the feature fusion strategy c:f the model in-different domains from
multiple dimensions. In addition, this study proposes a joint training framework that is adopted to train the proposed
model. The model achieves a predictive F'1 score of 92.84% and 85.4'9'% on the English and Chinese datasets, respectively.
Compared to the state-of-the-art model, the prediction results of the proposed model are improved by 1.16% and 1.07%,
respectively. e
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0.0 08618 09710 09185 0.8965 0.8973 0.9570 0.9046 0.9276 0.9150 09251 09251 09752
0.1 0.8809 09664 0.9292 0.8821 0.8986 0.9600 0.9055 0.9283 0.9151 0.9284  0.9284 0.9762
02 08799 0.9565 0.9285 0.8817 0.8977 0.9600 0.9043 0.9279 0.9136 09266 0.9266 0.9760
03 08761 009516 0.8979 0.8792 0.8974 0.9600 0.904 4 0.9258 0.9140 09256 0.9256 09757
04 08604 09437 0.9078 0.9212 0.8942 0.9550 0.8976 0.9271 09134 0.9245 0.9244 09738
0.5 08618 0.9714 09185 0.8965 0.8976 0.9570 0.9046 0.9277 09148 09251 09251 09753
0.6 08622 09414 0.9082 0.9207 0.8936 0.9550 0.8967 0.9273 09137 0.9245 0.9245 09738
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