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Abstract: Cyberbullying has become increasingly prominent and is emerging as a severe social issue that cannot be overlooked. Existing
detection methods for online verbal violence often model from a single perspective, either topic or emotion, neglecting the inconsistency
between the two—such as emotional features not matching their corresponding topics, leading to semantic bias and misjudgment in detec-
tion results. To address this, a novel method for detecting and warning about online verbal violence trends based on "topic—emotion" co—
evolution is proposed. By integrating BERT semantic representations, emotion, topic, and temporal features, a co—evolution model is
constructed to uncover the underlying evolutionary patterns of online violence. A co—distribution map is generated to visually display dy-
namic trends, while automatic risk identification and early warning are achieved through dynamic thresholds and first-order difference
methods. Experimental results demonstrate that the proposed method outperforms baseline approaches in both accuracy and F'1 scores on
the SCCD and CHNCI datasets, particularly exhibiting stronger robustness in scenarios with sparse labels, providing reliable technical
support for public opinion monitoring and intervention.
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Fig.1 Architecture of temporal evolution of cyberbullying
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Table 2 Experimental results of different models on the SCCD dataset

F2 BEBESCCDHEEE LHLWER (%)
ik %] WR AEE FIAE
Baidu TC 62.33 21.92 76.64
CL-CD COLDETECTOR 64.22 39.07 79.21
BERT 70.23 62.77 84.33
RoBERTa 73.66 65.92 85.78
CNN 86.56 63.82 72.66
LSTM 81.66 62.67 70.74
SL-CD BERT 89.55 84.82 84.32
RoBERTa 91.98 83.66 86.34
GPT-5 91.87 88.21 90.41
DeepseekV3.2 91.55 85.32 89.17
AR Co-FEvolution Model 93.84 83.46 91.15
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Table 3 Experimental results of various models on the CHNCI dataset
*3 FHEZECHNCIHESE FHKEER (%)
K 600/30/0/4/Cot 1 000/40/0/4/Cot 1 600/50/0/4/Cot
o UES Al F14ML RS RS FLAM 8 UES Al F14MH
Bert 63.10 70.89 66.77 67.12 72.52 69.81 70.12 75.03 72.49
HateBert 62.66 71.39 66.74 68.50 73.05 70.70 70.77 73.69 72.20
Conprompt 65.01 71.79 68.23 72.23 74.55 73.37 73.87 73.82 73.88
P-tuning 63.21 71.23 66.98 68.72 73.06 71.06 71.37 73.85 73.61
KPT 61.83 68.76 65.11 70.77 75.76 73.18 73.99 77.39 75.65
KPT++ 69.68 75.10 72.29 70.72 76.95 73.24 72.65 71.21 74.58
Llama3-8B(Zero—shot) 73.06 74.94 73.99 73.06 74.94 73.99 73.06 74.94 73.99
Qwen—7B(Zero—shot) 75.86 76.72 77.74 75.86 76.72 77.74 75.86 76.72 77.74
Llama3-8B(Few-shot) 75.11 76.95 76.02 75.11 76.95 76.02 75.11 76.95 76.02
Qwen—7B(Few—shot) 77.12 80.16 78.61 77.12 80.16 78.61 77.12 80.16 78.61
Llama3-8B(CoT) 74.93 75.07 75.00 74.93 75.07 75.00 74.93 75.07 75.00
Qwen=7B(CoT) 77.03 80.01 78.49 77.03 80.01 78.49 77.03 80.01 78.49
Co-Evolution Model 78.62 78.47 78.53 82.49 82.19 82.34 84.64 83.12 84.57
Table 4 Analysis results of cyberbullying cases
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