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Teaching Evaluation-oriented Graph Attention Network Sentiment Analysis Model

KE Changbo,REN Zhilin,ZHANG Bolei

( School of Computer Science,Nanjing University of Posts and Telecommumications,Nanjing 210023 ,China)

Abstract ; With the development of deep learning , the application of pre-trained models and graph neural networks has made classroom
teaching evaluation a research hotspot in artificial intelligence and smart education. This paper proposes a fine-grained sentiment analy-
sis model that combines a graph attention network with the pre-trained model BERT. In this model, Aspect Category Sentiment Analy-
sis { ACSA) is divided into Aspect Category Detection { ACD) and Aspect Sentiment Classification { ASC) , with both tasks sharing
the same BERT parameters. The model enhances contextual semantics by using a graph attention network based on sentence dependen-
cy relationships ,improving its performance. Experiments show that the proposed model achieves higher accuracy on public datasets. In
the case study,a classroom teaching evaluation dataset with 13 aspects,designed and annotated in this paper,is used to demonstrate the
model’s superiority in multi-aspect and few-shot sentiment analysis tasks. Finally ,the paper summarizes the challenges faced by neural
network models in sentiment analysis and suggests potential directions for future research.
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Yes he is a bit mumbly, but just sit close and you
really appreciate his knowledge and enthusiasm!
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Fig.2 Determination of GAT layers experiments
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Table 2 Result of hyperparameters determine experiments

Wy ,w, 0.2 0.4 0.6 0.8 1.0

0.2 1.7788 1.7812 1.7814 1.7796 1.7833
0.4 1.7822 1.7842 1.7829 1.7821 1.7845
0.6 1.7785 1.7847 1.7828 1.7811 1.7841
0.8 1.7840 1.7795 1.7857 1.7843 1.7846
1.0 1.7831 1.7841 1.7804 1.7796 1.7805
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2.2 HEEINEBSHEE

AT IR TS AIE BT HE 5 0 S e R O A S5
FHEERTEEASFEEE LR KA, AL A
Rest14( Pontiki 5 A ") $if s kA7 0. 7607 TS ) p 6
FRETRER O E R FL AN IS, AT RS
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flict} , 7 =4 1% 50 %6 b £ B Conflict, 28 4K 4 52 46 v 23 B
Neutral, 45 3CRERL 5 LR BRERETT L

XRCE"™  ZEFHLES 3 RS 2L k.
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Hr A
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Multi-task framework( MTL) ! . 2 F LSTM 2415 2%
SJHERL, E CNE-net SCI5 P K6 L 4n 5 3% 80 BERT-base , 4
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BERT-pair-NLI-B": 3£ T BERT B [ 4Ri% 7 HERASRY
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Table 3 Comparison of ACSA experiments

wom i TS AR
MR BEA F1 PP S SR

XRCE 83.23 81.37 82.29 78.1 - -
NRC-Canada 91.04 86.24 88.58 8.9 - -
AT-LSTM - - - - 831 896
ATAE-LSTM - - - - 840 89.9
MTL 91.87 90.44 91.15 - - -
BERT-pair-NLI-B 93.57 90.83 92.18 846 88.7 95.1
BERT-pair-QA-B 93.04 89.95 91.47 85.9 89.9 95.6
CNE-net 93.76 90.83 92.27 87.1 91.3 96.4
Our model 90.74 92.68 91.70 87.4 91.6 95.8

CNE-net ™) : 3775 & S WL f94> 28 % BERT #A1
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Table 4 Dataset statistics
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FEER o
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) : fiah Pos. Neg. Neu.
s ,?f ali:l 1873 7;; 433 BART generation!'™ . 5 F BART [ 4SR5 A Al
Restl4 Dev 306 127 67 ELEEE RSN 5. AL ISR DL 45, SR T
Test 657 222 94 il 85 B CapsNet-BERT., BERT-pair-QA-B, AC-MIMLLN-
Restl4-Hard Test 21 20 12 BERT .BART generation F13F Il %k ) GCAE ., AS-Capsules.,
Train 1929 2084 3077 CapsNet, AC-MIMLLN #§ [t , 7 SC 5 5 7F MAMS F Rest14-
MAMS Dev. 241 259 388 hard $CHR4E RS T B4 FCARER , 4 Lk T BART generation
Test 245 263 393 A RI3TF T 0. 888% A1 1. 887% , 7€ Restld $#E& [ HSH T
RS HHBEROENERER , ERE(FE)%
Table 5 Results of ASC experiments Acc( Var) %
FEE Restl4 Rest14-hard MAMS-ACSA
GCAE 81.336( +0.883) 54.717( £4.920) 72.098
CapsNet 81.172( £0.631) 53.962( £0.924) 73.986
AS-Capsules 82.179( £0.414) 60.755( +2.773) 75. 116 ( +0.473)
AC-MIMLLN 81.603( +0.715) 65.283( £2.264) 76.427( +0.704)

CapsNet-BERT

BERT-pair-QA-B
AC-MIMLLN-BERT
BART generation

86.557( +0.943)
87.523( =1.175)
89.250( +0.720)
90.545( +0.315)

51.321( +1.412)
69.433( +4.368)
74.717( £3.290)
77.358( £2.160)

79.461
79.134( +0.973)
81.198( +0.606)
83.130( +0.478)

Our model

90.174( +0.324)

79.245( +0.944)

84.018( £0.292)

BART generation. J:# MAMS-ACSA S{iE&EF & 8 M
T8 ,Rest14 Z3BEAYE 5 T8 , X UL A SR BELAE T 4L
M ZREHEE D RIMPERTE L. Restld-hard i AR
il Z P I R M , 3¢ U B AR SC BB W] DUAR 7 i T 4
Hh 8 R AN R 7 T 221 IR AR
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Table 6 Number of cases in each category

. teacher lecture

i attitude personality humor help understanding knowledege general profession inspiration feedback expression content general
Pos. 149 64 192 273 26 65 545 60 27 16 46 178 97
Neu. 2 6 6 6 0 0 93 2 0 2 17 52 13
Neg. 50 174 134 177 19 3 378 63 1 30 93 212 120
B 201 244 332 456 45 68 1016 125 28 42 156 442 230

WA SOAS 1000000 4%, FREAT R 45 ABAE™ &

BT E SR, 7E ABAE 12 100 MR, R HRAE [ 1 25 (6]
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Table 7 Samples of teaching evaluation dataset
BEEVR SCA Jr TR AR M —ond
Kaplan is a nice guy and very < teacher_personality , Positive >

. < teacher_general , Positive >
friendly, but he makes the class -8 ’ .
. . <lecture_content,Negat1ve >
unnecessarily difficult.

< teacher_profession, Negative >

This old man is very funny, he is
good at math, but is also good at
bewildering you.

< teacher_humor , Positive >
< teacher_profession, Neutral >

OOP concepts are boring enough,
but coupled with Mercer's teaching
style it makes the class awful.

< lecture_content , Negative >
< lecture_general , Negative >

she does not listen to the com-
plaints made by students, it was
very frustrating when she kept ig-
nore.

< teacher_personality ,Negative >
< lecture_feedback , Negative >
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Fig.5 Result of few-shot dataset ACSA
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Fig.6 Comparison of multi-category multi-polarity dataset ACSA
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Table 8 Case prediction comparison

of teaching evaluation dataset

Case 1
Gold < teacher_knowledge , Positive > < teacher_humor, Positive >

He’s very smart and lecture is not boring.

Ours < teacher_knowledge , Positive > < teacher_humor, Positive >
NLI-B
QA-B
Case 2 Einhaus knows his stuff but he persents them in a boring way.

< teacher_knowledge , Negative > < teacher_humor, Positive >

< teacher_humor, Negative >

Gold < teacher_humor ,Negative > < teacher_profession , Positive >
Ours < teacher_humor,Negative > < teacher_profession , Positive >

NLI-B < teacher_humor, Negative >

QA-B  <teacher_humor, Negative >

Case 3 Boring lectures ,useless class,but fair grader and knowledgable
person.

Gold < teacher_humor, Negative > < teacher_help ,Negative >

< teacher_knowledge , Positive >
Ours < teacher_humor , Negative > < teacher_knowledge , Positive >
NLI-B
QA-B  <teacher_humor,Negative > < teacher_knowledge ,Negative >
Case 4 Burg did his best to make it fun.
Gold < teacher_attitude , Positive > < teacher_humor , Positive >

< teacher_humor, Negative > < teacher_help ,Negative >

Ours < teacher_humor , Positive >
NLI-B
QA-B

< teacher_humor , Positive >
< teacher_humor , Positive > < teacher_personality , Positive >
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