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Aspect-based sentiment analysis model based on multilevel
knowledge enhancement

DUAN Wenjie'?, DENG Jinke'?, ZHANG Shunxiang'*?, LI Shuyu'?, ZHOU Ruotong'*

(1. School of Computer Science and Engineering, Anhui University of Science and Technology, Huainan 232001, China; 2. Artificial
Intelligence Research Institute, Hefei Comprehensive National Science Center, Hefei 230088, China; 3. School of Computer, Huain-

an Normal University, Huainan 232038, China)

Abstract: In aspect-based sentiment analysis tasks, mining semantic information and syntactic dependency constraints
from comment sentences is a key focus in existing research. However, this often underestimates the influence of com-
prehensive factors, including sentiment knowledge, conceptual knowledge, and syntactic dependency types between
words on aspect sentiment orientation judgment. To address this problem, we propose an aspect-based sentiment analys-
is model based on multilevel knowledge enhancement (MLKE), which uses external knowledge to enhance the know-
ledge of comment sentences on three levels: sentiment, syntax, and concept. First, sentiment knowledge and the depend-
ency types between words are employed to enhance the dependency graph of sentences. Specific aspect representations
containing sentiment and syntactic enhancements are obtained through graph convolution networks that model modular
node features. Second, to obtain multilevel knowledge-enhanced aspect representation, the concept graph is used to en-
hance the conceptual understanding of aspect words, and then the aspect word representation is fused with the specific
aspect representation obtained in the previous step. Finally, the coordination and optimization between context repres-
entation and aspect representation is achieved using an interactive attention mechanism. The experimental results show
that the accuracy and macro-F, values of the model are improved on five datasets.

Keywords: aspect-based sentiment analysis; knowledge enhancement; sentiment knowledge; syntax knowledge; con-
ceptual knowledge; dependency graph; graph convolution network; interactive attention mechanism
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Table 1 Example of word sentiment score

g SenticNet(word)
Fantastic 0.870
Great 0.857
Hard —-0.059
Bad —0.800
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Table 2 Statistics of datasets

. R el TH
Ik Mk YIZE Mt YIgGE MiteE
Twitter 1561 173 3127 346 1560 173
Lapl14 994 341 464 169 870 128
Restl4 2164 728 637 196 807 196
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Restl6 1620 597 88 38 709 190
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Table 3 Experimental parameters setting
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Table 4 Comparison results of different models %
Twitter14 Lapl4 Rest14 Restl5 Rest16
Bl FRAY
Acc FMI Acc FMI Acc FMI Acc FMI Acc FMI
e LST™M 69.56  67.70 69.28  63.09 78.13  67.47 7137  55.17 86.80  63.88
LA )
TNET-AS 74.90°  73.60 76.54  71.75 80.69  71.27 — — — —
RAM 69.36  67.30 7449 7135 80.23  70.80 — — — —
VY= WAL BiA | MGAN 72.54  70.81 7539 7247 81.25 7194 — — — —
IAN 72.50  70.81 72.05  67.38 79.26  70.09 78.54  52.65 84.74 5521
ASGCN 72.15  70.40 75.55  71.05 80.77  72.02 79.89  61.89 88.99  67.48
AEGCN 73.86  71.59 75.91 71.88 81.43  73.66 80.85  63.96 88.76  68.73
Sentic-LSTM  70.66  67.87 70.88  67.19 79.43  70.32 — — — —
MTKEN 69.80  67.54 7343  69.12 7947  68.08 80.67  58.38 88.28  66.15
. " CDT 74.66  73.66°  77.19  72.99 8230  74.02 — — 85.58  69.93
TR .
BiGCN 74.16  73.35 7459  71.84 81.97 7348 81.16  64.79 88.96  70.84
SK-GCN 71.97  70.22 7320  69.18 80.36  70.43 80.12  60.70 85.17  68.08
Kuma-GCN 7245  70.77 76.12 7242 81.43  73.64 80.69  65.99 89.39  73.19
Sentic-GCN ~ 72.83  71.28 77.90° 74.71"  84.03" 7538" 82.84" 6732 90.88° 7591
MIGCN 73.31 72.12 76.59  72.44 82.32 7431 80.81 64.21 89.50  71.97
AR MLKE 75.36 74.41 78.72  75.28 85.01 77.68 84.26  69.37 91.12  75.84
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PR X H AR v () d5e I 465 5, W S5 43 0l 412 o5
T 046 AR, 0.82 HAT AL 098 Hrmi 142 H
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Table 5 Ablation experiments %
Homy Twitter14 Lapl4 Rest14 Restl5 Restl6
A Fui A Fa A Fyi A Fui A Fui
w/o em 74.27 72.64 74.31 70.26 82.51 69.80 82.14 67.25 88.63 69.54
w/0 co 74.59 73.10 72.64 69.57 81.09 74.27 81.62 66.17 86.53 72.68
w/o as 7491 73.60 76.14 71.96 83.80 73.29 82.90 67.51 89.60 74.05
w/o de 74.30 73.29 77.51 74.63 84.20 75.07 83.54 67.81 90.68 75.81
w/o in 74.21 73.39 77.60 74.19 83.71 74.64 83.53 68.20 89.24 72.90
MLKE 75.36 74.41 78.72 75.28 85.01 77.68 84.26 69.37 91.12 75.84
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Table 6 Case prediction results

GIER LSTM IAN ASGCN  Sentic-GCN  MLKE
1. The [battery], is very longer. P P P P P
2. The [Food]; is delicious and the [environment], is good,
A . P;P;Px P;P;Px P;P;:N P;P;:N P;P;N
but the [service]y is too bad.
3. The [keyboard]y is indeed the part I care most about,
o g . Px Px Ox Ox N
but it did not satisfy me.
4. Due t hical locati I will definitel
ue to [geographical location],, I will definitely Nx Ox Ox Ox p

consider it next time.
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