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Abstract: Traditional fake news detection methods based on writing style do not fully consider the writing style

characteristics of the text. They only consider symbols, sentence length, sentence number and feature words, while ignoring

the writing style features such as emotional words, functional words, and substantial words. They are not good enough

to extract difference information between the writing styles of true and fake news. In view of these problems, this paper

proposes to explore a method for automatic detection of low-credibility texts on social media based on the three-dimensional

writing style features of words, sentences, and contexts. After a full study on the effect of text multi-dimensional style

features on fake news detection, multi-channel convolutional neural network is used to extract high-level abstract information

of style, and attention mechanism is used to capture the influence of each dimension feature on fake news detection.

Experiments show that the proposed Multi CNNSA model significantly improves the effect of fake news detection, achieving

an F1 value of 86.95% on the weibo dataset.

Keywords: fake news detection; writing style features; convolutional neural network
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Fig.1 Examples of fake news style
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Fig.2 Frequency statistics of common function words
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Tab.2 Dataset details of weibo fake news
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Tab.3 The confusion matrix of fake news detects
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Tab.4 Performance index results of each model

8] P/% R/% F1/%
Naive Bayes 56.57 86.79 68.48
Text_CNN 76.34 82.76 79.42
EANN 84.76 81.25 82.93
SCNN 72.41 73.87 73.13
Multi_CNNSA 87.08 86.78 86.95
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