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methods. Moreover, sarcasm in daily communication is often conveyed through non-textual cues such as intonation

and demeanor. Consequently, sarcasm detection methods solely relying on text semantics fail to incorporate

non-textual information, thereby limiting their effectiveness. To leverage the power of text semantics and social

behavior information, a sarcasm text detection method based on heterogeneous graph information fusion was

proposed. The approach involved the construction of a heterogeneous information network encompassing users,

texts, and emotional words. A graph neural network model was then designed to handle the representations of the

heterogeneous graph. The model employed a dual-channel attention mechanism to extract social behavior

information, captured the deep semantics of text through emotional subgraphs, and ultimately combined text

semantics and social behavior information. Extensive experiments conducted on the Twitter dataset demonstrate the

superiority of the proposed method over existing approaches for sarcasm text detection and classification.

Keywords: sarcasm detection, graph neural network, heterogeneous information fusion, implicit sentiment analysis
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Table 3 Experimental result of different numbers of
affective keywords

PS ankiey Acc F1 14

=0 80.87% 80.69%
=30 83.31% 83.66%
=50 85.33% 85.62%
=80 85.45% 85.51%
=100 85.62% 85.77%
=150 85.65% 85.76%
=200 85.68% 85.78%

R4 FRESEEINSITHIRER

Table 4 Experimental results of different attention

mechanism
e =waLiIN Acc F1{H
no attention 78.21% 78.46%
edge 83.73% 83.95%
node 83.45% 83.62%
normal 85.33% 85.62%

TEAME FER ML ST, B A
WAL [F) 5K user2vec 2B I HIWIGRAFME R &, Toik
TEALAZ 28 AT RAEBE#T . SRR AR F1{EAH
E T UMY N T 7.16%, IERH T WEEE )
MU A 20 . 5SS BT s e B A &
JIHIEDL T, 38 M ISR F1AES TR 2%
KA, UERH T AT R R E R A R
4.4 EEBSESH

SNIF-GAT [1)JZ50RIRHIE M 2 4ERE d 2
MNECNEZEPESH, FHE SR TE S
PERE T -

N T IAIE SNIF-GAT JZH06T BRI M RE I RZ I,
AICHE 1. 24 3+ 4 JZ SNIF-GAT #H7H: RN
i, AN[A] SNIF-GAT JZ3 R (1S58 45 RNk 5 Fras.
SEIGHRA, (] 2 2 SNIF-GAT i i] DLEUS %
L, SRR 2 R 2 S EUH PR R T —
B, WX R, 3 S EUE AR T

%5 7[R SNIF-GAT EH TSR
Table 5 Experimental results of different SNIF-GAT depth

SNIF-GAT 2% Acc FlLE
1 82.21% 82.36%
2 85.33% 85.62%
3 83.15% 83.41%
4 79.19% 79.47%
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Figure 6 Experimental result under different feature vectors dimension
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Table 6 Visualization of the text and user embedding
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