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fake news detection. Although several deep learning-based solutions have been proposed, these methods heavily rely

on large amounts of supporting data. Currently, there is a scarcity of existing datasets, particularly in Chinese, and

the collected news articles are often limited to the same category. To enhance the detection of fake news, a new

multi-modal fake news dataset (MFND) was developed, which comprised Chinese and English news data from ten

diverse categories: politics, economy, entertainment, sports, international affairs, technology, military, education,

health, and social life. The word frequencies and categories of the proposed fake news dataset were analyzed and

compared with existing fake news datasets in terms of number of news, news categories, modal information and news

languages. The results of the comparison demonstrate that the MFND dataset excels in terms of category information

and news languages. Moreover, training and validating existing typical fake news detection methods with MFND

dataset, the experimental results show an improvement of approximately 10% in model performance compared to

existing mainstream fake news datasets.

Keywords: social media, fake news detection, multi-modal, multi-category, dataset
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Figure 1 The flowchart of construction for MFND
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Figure 2 Statistical analysis of news categories in the MFND
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Table 3 Comparison of our MFND with existing multi-modal fake news datasets
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Table 4 Parameter settings for different fake news
detection methods
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Table 5 The performance of multiple fake news detection methods on different datasets
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Figure 3  Confusion matrix for unimodal methods on the MFND
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Figure 4 Training and validation accuracy of multimodal methods on MFND
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