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Abstract: Objective This study addresses the challenges of annotating data for specific tweet sentiment analysis tasks and
the issues arising from inaccurate annotations leading to unsatisfactory classification results. A method for machine
annotation of data was proposed to investigate the performance differences in sentiment classification of tweets annotated by
human annotators and the ChatGPT model. Methods In this study, for a unified labeling system, tweet data was
annotated both manually and using the ChatGPT model interface, followed by sentiment classification using a BERT-
TextCNN hybrid deep learning model on both datasets. Results Experimental results indicated that the manually
annotated dataset exhibited higher overall accuracy and reliability. However, for certain tweet data, the ChatGPT model,
with its richer knowledge base, can produce more objective and scientifically interpretable annotations, showing certain
advantages in sentiment classification results. Both human and machine annotation methods have their strengths and
weaknesses. Therefore, it can be concluded that machine annotation is a feasible labeling method for text sentiment
classification tasks. Conclusion In practical applications, it is advisable to flexibly choose and combine both annotation
methods based on task requirements and fully leverage the strengths of these two methods to achieve better analytical
performance and outcomes.
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Fig. 1 Processing flow of ChatGPT for text annotation

3.2 REEEBTY
3.2.1 BERT (Bidirectional Encoder Representations
Form Transformers)

BERT BRI7E [ SR 15 5 Ab 45Utk 25 $2 7 77 4k 21
SR BOMEREE  BERT AU 28 45K JE 5 T Transformer FJ
P R

BERT i A JZ Flf th 2 # 2 HE EE 2, PRk Al LA
HRIK N BERT 2. B R A JZ 88 338 Re k4 hit
TSI ASE i AR ) o) e 45 4 BRD B AR SOA
R — A B T ) ORI AT S FEk e
TR AL A BT TR R B e ) Y S SCRAT
BN B R T 5% 05 bR EROR G A4 LAY 6L B
AR R TS S R R AR A A E R AR TR
Ik .

D
Pu(p,..2i)= ()
10 000"

pOS
P,(p,,2i+1)= Cos(ﬂ) (1)
10 OOO(LIVIU(I(’!

KD H,P(p,., i) RRNDE p,, MAERE @ 4b 1AL E S
e, Hp p M EAE R, MY E G|, d_model
Foninl ) R 4ERE A THIRAL B AR AN, L8 iR A 8]
R YE AR O p, FNAERE RG] ¢ AR Y
HREAXHFATIHE,

Ak, BERT #E AL i fEi i 5 B AL SE 0 1 L IE &
SR St e BEATLH 5 R A SCAS TR 2 15%
LRSS N BTIPu R 4 R VA N 43 8 A LS
18356 265 53 S AR R THUIN B 57 W 1 4 WL o 0 W ) . 1)
Je A HAEMIEREAT, W L 45 2 80% 1Y B Bt
A W, AR B A A T Y 10% , e AR
10% B IR 4 M, IXAERBETT B R am IR Y &
3HE G HH AR TE AR ) B L s ez Ak Re
3.2.2 Text CNN(Text Convolutional Neural Network)

2014 4F, Yoon Kim %f CNN ¥ A E 4T T —sefg
BB T SCAR AP AR Text CNN''' ) Text CNN B T
PREA LG CNN BYRAESRICEE 1 oh 3B G5 1 X SCA AR
EEHEE ST, TR 2 F7R Y Text CNN R 0 E TR
(R R/ N ae g | 308 o A AR At A 2% 3] [ £ 1 A1)
FEMEFEAT AL B, A B Ok o 1) — A7, W2 — > R
i), A FEUR IR R 1) s B AT T] T s 88 PT LAAR AT 55 75 22
WATIRE WS FREAE, FTLASEE V S AR AR B Y R
fIE, e HH Softmax PRECKH H HEAT /0261

FeAEHudl http . //journal. ctbu. edu. en/zr/ch/index. aspx



08 TRIHAEER(BHHEN)

%40 %

Feature map

il

Filters(2.3.4)

Softmax

ouT
PUT

5./
o

B 2 Text CNN #Z!
Fig.2 Text CNN model

BREHE A LR AR

INPUT ]

Y.=W-A[i.i+H-1],i=1,2,-,S-H+1 (2)
N e 2SR F, AT N
F,=f(Y+B) (3)

Hir A FORM AN B SCAR AR [, S 36 7R J SCAR Y 3]
W RSB MAESELY, REEFEEA RN
TEE S § AR, B 2 5 50, F T 8 SRR AE ]
BANFHIE RIS T, f J2 W0OE BREL, F, 02 285 0 PR
JE BN e AR, Sl XA B BB R, TR — K
PRSI H ANFRAE, AT 8 U RonGe T, &
RS , F J8 SO P Jm 1 A S AL i )
TE2 AR B F B AR T, BRI R R . RIEH
5B (10 ) B AR A1 D422 4 0BT 19 0 B | 1 — 25 0 2 8K
B B sl Bk g A
3.2.3 BERT-Text CNN

TEARMIGEH R T BERT-Text CNN IR G54
‘B454 T BERT Hl Text CNN BYEHY, %%, {#i 1] BERT
TN S 75 45578 A SCA o G e A R SO fR
.. BERT BEfSA &I KIA Z [0 A 18 LR, NIFLE
BT AT AT 55 R AL & BUARAE s . SRS, R E 42
BB I BERT 55751 #2200 31 (1) SCAS REAE 27 i A 3
Text CNN H1, DA SCA P BUR EBAFAE . Text CNN 45
R 245 BUZ A, A6 BUZ W 3l B e K/ &
FRURZAE SCAS b 04T R AIE B2 B, A 2080 b 4 A J=) 33 R A
A Ak 2 T A A U B IO R AE , DA T D
AR AE B IR R R B A5 B, X, St RS IR
B4R R L TR) 22 [8] 1) Jmy S AR G 2R, X SR E T
AT HTAE 45, 3 AR Y B 47 b B A SCAS TP A UM
A5 AT 1 B i) 43 261 i i BERT - Text
CNN (454 ATLATE R BERT ki bR SCHfibE
F1HN Text CNN Y RS- E S IRE ) , #2155
HPEREFIERPE, BERT-Text CNN Z5KJ40El 3 FiR .,

Output
FC layer

Text CNN

BERT

sep

E 3 BERT-Text CNN £
Fig.3 BERT-Text CNN hybrid architecture
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Table 4 Hyperparameters of the BERT-TextCNN model

Hyper—parameters Values
Learning rate 0.001
Loss Function CrossEntropyLoss
Optimizer Adam
Batch size 16
Dropout 0.2
Convolutional size 9
Kernel sizes [2,3,4]
Epochs 10
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Table 5 Experimental results on the ChatGPT annotated dataset

ArEEAR M A Accurary Precision  Recall  F1 score
Text CNN  0.5903 0.5746 0.5903 0.530 1
BERT 0.6729 0.6915 0.6729 0.6738
ChatGPT
BERT-
0.8505 0.8505 0.8505 0.8505
e O
Text CNN 0.866 0 0.8840 0.8660 0.8039
BERT 0.9321 0.8721 0.9321 0.8665
BERT-
0.9751 0.9751 0.9751 0.9751
TextCNN
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Table 6 Examples of more accurate annotations by ChatGPT
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Welcome to the day of the invasion,
to invasion implying that the speaker is 4 0
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invasion as a negative event.
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situation between Russia
This whole Russia/Ukraine and  Ukraine to the
thing is feeling a lot like conflict between Germany
the whole Germany/Poland and Poland in 1939,
thing circa 1939, except implying that they see
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potential Eastern front that leading to a larger
we can count on when we conflict. The use of the
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disapproval of Russia’ s

actions in Ukraine.
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