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Effectiveness of Data Augmentation Using LLM
for Aspect Classification
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Abstract: Aspect classification is an important task for review analysis. However, depending on the dataset,
there may be a lack of data for certain aspects. Consequently, classification accuracy can sometimes be in-
sufficient. One solution is to augment the data, but this could lead to issues such as altering the meaning of
the text. In this study, we employ ChatGPT, an Al text generation tool, to augment the data. We experi-
mentally investigate and discuss how aspect classification accuracy is affected by the presence or absence of
augmented data.
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Fig. 1 Summary of efforts for improving accuracy in this study.
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Fig. 2 Example of actual review.
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Table 1 Number of data instances with each aspect label.
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Fig. 3 Framework of aspect estimation model.
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Fig. 5 Flowchart of aspect estimation with ChatGPT.
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Table 3 Results of aspect classification.

SVM | BERT | ChatGPT
B 0.772 | 0.901 0.688
PRI X 0.874 | 0.895 0.659
L 370 0.903 | 0.926 0.753
To7 497 0.931 | 0.963 0.832
HA 0.926 | 0.947 0.792
FVPFVTF4 | 0.829 | 0.874 0.633
i JE B 0.787 | 0.834 0.660
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Fig. 6 Flowchart of augmented data generation with Chat-
GPT.
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Table 4 The proportion of augmented data in the training

K5 <IDIO>RULKEZSHEERIBIIZET7 AR MIT— 2402
5 BHLRT — X DEIE.
Table 5 The proportion of augmented data in the training

data when adding 200 sentences of augmented data. data for each aspect setting of <4> and <Z>.

AT — 2 rh YRR T — X E & <> <%>
b 23.0% (200 / 868) B 6.0% (43 / 711) 26.0% (235 / 903)
PSR 26.4% (200 / 757) P X 6.0% (36 / 593) 26.4% (200 / 757)
HZ R 26.4% (200 / 755) 137 6.0% (36 / 591) 26.4% (200 / 755)
777497 36.3% (200 / 550) 7574w 6.0% (23 / 373) 36.3% (200 / 550)
R 33.0% (200 / 606) S 6.0% (26 / 432) 33.0% (200 / 606)
AVTFVT 4 6.0% (200 / 3324) AUPFVT 4 | 6.0% (200 / 3324) | 26.0% (1097 / 4221)
T e 6.1% (200 / 3255) T B 6.1% (200 / 3255) | 26.0% (1073 / 4128)
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M& ChatGPT % {HH L 72455k 7 — X 23BN CAEK L 72D
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Table 6 Results of aspect classification with data augmenta-

tion.
R T — 2 EE

7 ARY b 0% <H> | <E>
B 0.901 | 0.888 0.875
P X 0.895 | 0.886 0.832
oK 0.926 | 0.907 0.873
77497 0.963 | 0.957 0.917
B 0.947 | 0.954 | 0.946
FVUYFVUF 4 | 0.874 | 0.874 | 0.865
i & 0.834 | 0.878 | 0.816

ChatGPT 12 & » TAERI NIRRT — X NICHRE L 727
ART MZEHELBEWT —=ZBEDT7 ARY MZBWTH
Aoz, ZoZe»s, ChatGPT Ik o THEKEINS
IR T — X I3EMPEL, ZRICBIMNTZ 22T ARY b
HWEEIWCHEEBEY R BEZOLNS.

BT 12oWT, RIRT — X EIEBEMNT 212D
NTHEEREDRD L2, ZoME “BaE” 2“5
T 4w 0" BREZLDTARY MZBWTRLAHERAT
Hb. LhL, TOU6D7ARY MIYEIET — ZBHHTH
LEWHEERBELZRLTED, PETH-oTHIIET—X
MIARHBoTLESREEZILNS. ZD0, EE
DA FIZORMBIRT — X 2ERT 57012, Tunr S
F DR T — X ORI O ICE D fHIe N B D
5. “WREE” 1I2oWT, <A>TIEMHENH L LR, <
Z>TRRBEPKELBA LE. <AH>TEHEEL WS
R T ART P EEZ B2 WS X X712, ChatGPT
DERUIALRT — X7 — ZDZRMICEHR L 728 & X
b3, —HT, <Z>TREDIEWEETFT—XIZX->T
AR LTOERZEPRELIRD, BEMETLAEZDT
BhRuhreEZoNS., “BE 0L, IJIBENEL
L7ZW7 ZARZ M RN,

6. HBHOHIC
AWZETIE, ¥ —LL a2 —XEMRETE7ART b
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HeEDRER EZHMNE LTHEETVOEEY | Lk
F—XDBIMCED AT, BROHEET TV EHH LR
7 ARY MEEEBROERD S, HAEEHBEAETILTH
% BERT DA T RTDT AR MZBWTHERE R
7z. F7z, ChatGPT OHEEMERH S, SVM & [FAERICR
727 227 FESHBLRTW “'5 749 2” D
HWEIZENREETH B, 7 AR b DOREMIL L JRE7
TARY FEBSHBIT 2 “AVPFVT 4T BREDT AR
7 MEERERETH 2 L WO R RN, HE5RT—
ZBINEERDOFERD S, ChatGPT I &k o TAEM X 74k
BT —RIEIZL D7 AR VCBOWTERERZ5 257
A XeHoTLED MRS, 2B LTI
ChatGPT 12 & » TAER I N B IR T — X DNED ARG
EBLIT7 AR P eBI->TW3RZ 2T, Moz EfifT —
2 LTIENTVWEHENEZLNS.

SHOMFEY LT, ChatGPT MANDAMIEEEE T L
ko TAERINAERT — 2 E2HH LGEOREZR{L
%, ChatGPTIZ X BHET — X8R LIcHF S5 TE 3
7 ARY b DRERBEFDLON, FiETey 7 OWE
REBEITONS.
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