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Abstract

In sentiment analysis tasks, acquiring textual semantic information, syntactic information, and ex-
ternal knowledge is crucial. However, current algorithmic models often lack sufficient association be-
tween text and external knowledge, resulting in incomplete semantic representation. Therefore, this
paper proposes a sentiment classification model based on a knowledge graph and dual graph convolu-
tion. The model first employs the LSTM algorithm to extract contextual information from the text,
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while using a knowledge graph convolutional network to acquire external knowledge related to en-
tities in the text. Then, through entity alignment and alignment prediction, it dynamically integrates
text embeddings and knowledge embeddings. Finally, the fused information combining text and
knowledge is used as input, and a syntactic graph convolutional network and a semantic graph con-
volutional network are applied to capture syntactic and semantic information, thereby achieving
sentiment analysis. Experiments demonstrate that this model effectively integrates text and entity
knowledge, enhances semantic and syntactic information, and significantly improves the accuracy
of sentiment classification.
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Figure 1. Emotion classification model based on knowledge graph and dual graph convolution
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Figure 2. Partial movie knowledge graph
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Figure 3. Example of a knowledge graph for item v
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Table 1. Statistics on the number of entity-relationship-entity triples in the movie knowledge graph
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Table 2. Classification results based on accuracy, precision, and F1-score

F2 BTHEMRE. BHREM FLIERI D RER

B LG ES H FLH
ATEA-LSTM 0.665 0.655 0.660
IAN 0.663 0.664 0.664
DualGCN 0.697 0.647 0.685
Ours 0.773 0.721 0.746

Table 3. System resulting data of standard experiment

3. AEIRIE ARG L REE

FE—A M RTAT SURIATR 1T s 20 s H el FL11{&
RAHE 0.773 0.721 0.746

PrEAE 0.706 0.668 0.686

A EAHE 0.766 0.715 0.740

Ty 0.748 0.701 0.724

WRPE 3 fras, MG Hury SR JE A S O07 USRS IR IR . A BRM FL R, SRR
of, REMAMSEE RN T RNER.

4.3, jEmhsCIg
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HIE 4 ATRL, BB T B e i R 2, R Ak GON #7) BRI 3 GCN #
o JE A R T R GCN HIZEARL,  thbfS A/ 2L R P, S— AT,

Table 4. System resulting data of standard experiment

4. FERIE ARG REE
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Table 5. Impact of neighbor node sampling size

F 5. WET SHBERIRITE RIS

K 2 4 8 16
GRS 0.731 0.766 0.773 0.747
FENCIES 0.689 0.700 0.721 0.690
F11H 0.713 0.732 0.746 0.717

2) TR “RE -AET IR, RVESZEFREE . BRI SRR, I 6 .

Table 6. Impact of depth of receptive field
2 6. BFZEIRE LRSI

H 1 2 3 4
K 0.773 0.669 0.669 0.680
FENCIES 0.721 0.650 0.670 0.652

F11H 0.746 0.659 0.670 0.666
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H22 7 77501, 2 GCN =80 1 8] 4 ALy, EHCN 1IN ACR . T EHEL R, — s
GGG, T 2 S ECE AU R AR M R K

Table 7. Impact of GCN layers on the model
5z 7. GCN B#xHEE RS20

=2 1 2 3 4
FER 0.773 0.758 0.699 0.656
A A2 0.721 0.700 0.674 0.625
F11H 0.746 0.728 0.686
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o IR G R HR AR I SRS, T RAA AUIEW] KGDGCN St i 1 45 RICKSHAE . sbdt, ek
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LA H X LE A BB gk — AN T
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TE, PrAE R TSR, IR AR, R R 2 R R R R B
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