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Method for Identifying Strong and Weak Bad Memes in Public Events

ZHONG Zhaoman'?, DU Jiayun'
(1. School of Computer Engineering, Jiangsu Ocean University, Lianyungang 222005, China;

2. Jiangsu Institute of Marine Resources Development., Lianyungang 222005, China)

Abstract: To address the current lack of research on bad memes, a model for identifying bad
memes in public events is constructed. Taking the social media data of the “July 5th Hangzhou
Women’s Disappearance Case” in 2020 as an example, this study reveals the connotation of bad
memes. Based on the types and characteristics of bad memes, isMeme features are proposed, and
a recognition model is constructed. The model is trained and evaluated to find the optimal recog-
nition model. The experimental results indicate that isMeme features can effectively identify bad
memes. Among the recognition models, the SVM model performs the best with an accuracy of
95%. This research does not consider the early identification of bad memes, and further research
can analyze their early features to achieve effective identification with less data.
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Normal memes derived from public events
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Fig. 1 Meme generating process
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Fig. 4 Schematic diagram of entity-emotion migration
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Table 5 Basic characteristics table
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Table 6 Classification results under different classifiers
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Table 7 Classification results of different kernel functions of SVM

% oA 4L iR PENCIE: S F, {8 MCC
Linear 0.91 0.79 0. 85 0.71
Poly 0.88 0.79 0.83 0. 66
Sigmoid 0.91 0.79 0. 84 0.70
RBF 0.95 0.79 0.86 0.75
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Table 8 Combination of different feature sets

S 44 P iR & P R F,  MCC
A Ho At IRl FEAE 0.58 0.89 0.70 0.19
B HE EE 0.67 0.8 0.75 0.39
C JE Rl R AE 0.70  0.85 0.77 0.46
D isMeme 43 i 0.92 0.79 0.85 0.70
E EMYFIE+isMeme $5fE  0.95 0.79  0.86 0.75
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