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Aspect-level Sentiment Analysis Model Based on Chain-of-thought Reasoning
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Abstract : Most existing aspect-level sentiment analysis methods focus on analyzing opinion targets and sentence semantics to deter-
mine sentiment polarity , with little consideration for the underlying reasons behind the appearance of opinion targets or the contextual
information in which the sentence is situated. These latent external factors are useful for aspect-level sentiment analysis. This paper pro-
poses a 4 — T model for aspect-level sentiment analysis based on chain-of-thought reasoning. The 4 — T reasoning model provides in-
cremental hints during the reasoning process,enabling the language model to dig deeper into latent external information related to as-
pects. This external information is then used to enhance the model’s understanding of aspect sentiment. To improve logical consistency
and optimize training efficiency,we design reasoning consistency constraints and feature pruning. Experimental results show that the
proposed model outperforms several baseline models,improving aspect-level sentiment analysis accuracy.
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KT BRI, S0 T —F AT R R
B B A B A 4 - T, @ o B4 B s iR R L 5
RIRT BB A, [R] B A It R A2 B A7 R TE A 8 5 P73
TR PRIGE B B R E S B AR HERL. st ,
2 Y B A R T A AR R S U E R S B
FEAVLE T, R T B — B A0k, LA E
HA R BEIETTE.

NN BT ARES MR, Bl HBA
VRIG AN R, BEAEHE SR 1 A2 P A2 30— L9 e 045 5, AT
R AR B - B 1 T R S AR FRTA
fi/5]1“ The sauces used are also not that exciting” , §E#f #7 H
X7 T sauces” B WLIT N “not that exciting” ; 33—
AR H “not that exciting” A4 J& A 7] BB & “ sauces might be
bland ,lacking in depth and complexity of flavors that make them
stand out” 3 FH# ] T BI1E S N “ customer review” | SR X R 1E
[ ARHERRAE B T4 U7 1 sauces” HY R BAR MDA THAR.

Case#
The sauces used are negative
also not that exciting. I | g
| |

1-the opinion of sauces that is mentioned
(is their lack of excitement

2-The sauces might be bland, lacking_in depth
and complexity of flavors that make them stand)

out (Reasoning behind)

3-In general thi
C writing a review of a dining_establishment.

_(contextual information)

4-finally, base on content above the polarity

4
of sauces is _negative.

K1 EEREALE AR

Fig.1 Language model reasoning chain
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WM IERY; 5 #1582 R RHE R B 0 0 LR A1 %
R

) 18 3 MATTEHRE LT TR, ML A —2
TN T B4 BIPERE , Wi 1 B SRR T A AR A

1 HXTHE
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. LI AR 0N E T T A 0 BRI SR AL 2 5 T e e e
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SCHXAERE R, B4 AN IR I s 5 B R4, A
AR A5 R R 20 Y 4 TR B Ao 420 o) 4 A 380 P 485 A 008 1 i
7. Wang 2 ') 8 807 AR BR 54, HE 5T B GAT
( Graph Attention Networks ) 5& 28 X% #i 4 pE 1T 45, Tian 45
A & SRt ) B ELAT 2 RS HT ) GCNs ( Graph Convolutional
Networks) ff) ABSA AREAZEH 5135 33 W Fp AR 25 #1011 i
B AR R U TR ALE

FENTER 2K ZE ABSA 4155 b i1 J= R 43 A
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RAE SR, U o (] R HE D B — S 1) S
FEFRGEAR N % H 454 (Instruction) , 2 454K 4 (Rationale) , 73
14 ( Exemplars )3 B4 41 k..

1) #4~: R TR (R R A R B Hh Ak =X

2) FAARE P R IR R, AT A& AR AT XS HERE G
By SNER AR B TR R AR T 15

3) ] KRR A i — iR =X

FREA SR, v LU A Wi PR A T
&% ( Zero-Shot-CoT) F1235 4 B 444 (Few-Shot-CoT) . BifE 4
B A E R AU —47984 “Let's think step by
step” ; Z45 % BYEEE 0% 28 SR,

T R IR X B 27 3 58 [ B 5 £ HE P AR
T3, 558 7 G AT, H R T R A A B T I
A1 AR P B A T RE.

2 Byt

IR AT AT SR 2 B TR DL T MR

DEEEARERE;

2) MRHE R R T B T A E HEE A R T

3) MR RN DA A — A0 () .

HTHRAEEREW RS, EA RN ERAR S RE
T 6 AREH B IS B4 B B 4 5% A2 B HE 4R Restaurants.
MAMS Fil Laptops {# Fi B 46545 & flan-t5 (large ) 15 F 1 AL HE
TR B 2 a5 b E B e K M3 hn, F1 {6
SRR, TR B3 KR, MAEKEN 4 MELT,
6 I b T T ] AN 2R

AN, B RIS P R T, 204 i AR R 0 T
EERATHER, IR B R R AT E 45 R W 6E R 80 (8] 4
TR P AR B R B, R, B s b R N R
BN R, 5 W 25 5 7o AR HE B LD 5 (VAR BB LA 2R
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RSZBs EAHEREI(EE) .

o 24— Average Inference Time 100
g, 221 _m- Average F1 Score 80 &
B2 20F o Average Inference Time 2
g é 18 o Average F1 Score 60 =
HE° 40 g,
Gel4 20 &
z 12 E
10 0

2 3 4 5 6 7
Chain of Thought Length

B2 AR B AR B A R A 1] X L
Fig.2 Efficiency and time by thought chain length

4R CoT-style #y e Jy k") | Hfi FLHR IR 43 B 4 T ¥4
or 58 1 BN E AR EE bR R 2R 2 #R Ay
LRI Z MR AL TR R

Prompt ; condition/result + problem?

FESE PRI B R R o AR T B AN . o B A
i R RIS R, T — SRR A R R L 4
- THEAIESE 1 FI5HE 4 BRYCR T CoT-style Jr ik 4y i #k 21
R, MLESS 2 A58 3 B, WAE CoT-style J5 3LZEAY E A
TXPHERRE B A 0T TSR -

Prompt : condition/result + problem + and why?
3 ETRHENBRSER

3.1 EHEX

TE ABSA L, BRI T S = {wi,wy, - w, | fl—4
FEMTER A= a,,a,,-,a,] 58 BRI
TEA) T FP B AR U T AR A e, P w SRR AP
B, a, 2R IR T ) .
3.2 HHEHR

AR RIEREIPT 4 - T AR R 454
FINE 3 Brzn. B 3 28 ol S A R A T RRAE AR TY B 4 — 5K
PR NS A SR PR R A2 AR 4 TR 4L

Bk il ik

i —EHR |
. . i
| I Voting 1
| result-1 !
____________________ | |
A A N _resals | __1
! RS e
! i E 4 TREHRTER
i G i oEEE EEE
: HoEEE — (O — EEN |
————————————————————— I EEE EEE
| o
=1 £

Init prompt @) MINIEAR)

B3 4 -T B4R BRI ]
Fig.3 4 - T chain-of-thought reasoning model structure diagram
FFIERAZR M B R RN, Bomh i =1, 25 i
BN ) 25 ) 2 R 48 A2 B R results, SR 5 X SR 45 R
L FHER Y 2 J5 6 A B 4E— SO 23R, ARG B 738 D

rhde B —SobE e B B LI result — i K %R I U A 21 B4R
HEARLR R A AT TR O R B A T — 31
HEFFOR B, BN RN T — R A5 A

HRUCHEATER 2 SR, 8 i =4 050 4 BIVRHEIR DT 45
RAE R S AR B 5P AR R AT BB AR
3.3 4-TRER®EE

4 - T BEFERHERLS IR0 4 18, X 4 RRHERATIA K
X T RE A — A S HE R 7 =X, BV IRDRE A A 1 0 ik i1 47
X ARG R SR AT 47 AR TR S5 PR R SR 1 1 )
iRt 47 WEPRS SR RASREN 27 B
TR B R HE B 4 — T JEL 4 #ff TR DR 7R 4
TR HE R LI B SRR R AR AR B AL i
B THE K TEHAGE 4 - T B4 HEI P Y B HERL

TERIIRR A B RS B, B BB R  FE 4R
BT T LA E A I 2R Sl iR s, F e S AR R
REHEEE R BAR 77 18 50 2 A 54 , 15 M 5 L SR 7 T
PR AR A ] , 3R R IR

1-T:In [ S),what opinion is a description regarding as-
pectla]?

Horp [SIERARMAB R KA T, [a] R B A7 77 18 5
a, A1 - T AL H R ARIE R R A O = maxP (ol
S,a),0 R BAMER I BB LI, 0 78 A1) F P vl B8 Y BLRY
A BN, a K HARITHIR, S A% AR T

5 2 B W B W) 7 IR E R AT
PR AR5 2 SRR BT IR 0T, 2 | S HE B AR AR
result — 1 il 1 - T Pf 8, ML R LIS 2 - T, # - E KX
J/iI o

2 —=T:shift([1 = T] | [ result —1]) ,what are the possible
reasons behind the emergence of this opinion ,and why?

Horfr, shift(MIm) TR K BE 4] M EEC RS RH m @y
TBOL TR T M N R A B BRiR 4. 2 - T SR
AR N R = maxP(r|S,a,0) ,R R EEEIHERE H
METURRE , r &8 BT A AT R HERE R, S AEARF,a
FHARH I, 0 24 1 - T AP HEF AR WL,

55 3 SeHER D MRS B TR Ko 2 B
AR ITEBRES IR result -2 Pf¥E B 2 - T ¥R RAE BRI L
Wit 3 - T R B .

3-T:shift([2-T]|[result —=2]),In general, what cir-
cumstances is this sentence uttered ,and why?

3-THFUBMAEE R RR A C=maxP(cls,a,
O,R) ,C F/nB BT Y B IR, c KRN A W BERVIEIR, S
NEAGT 0 EFRTHEI, O F£om | - T B 2 I,
R 32 - T "PHEFR R LI B A,

55 4 AR 0 7 A AR A HEA THE R, KSR 3 4
FRPS A A HEBR AR result -3 PF3E B3 - T, %45 R IMAZ] 4 -
OE VNG IV w1

4 —Tshift([3 =T | [ result -37) , Based on the above a-
nalysis and opinion, what is the sentiment polarity of aspect
[A]?

4 - T HZMERTT OB R R Q = maxP (g8,
a,0,R,C) , Hth Q FRInE B Y77 1 i 15 18R , ¢ R A
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AT BB AR (BUR AR AP ) S AR A T, a 2 B
PRI, O 4 1 - T B WAL, R 02 - T B R
IR PR, C A 3 - T H RS .

VA ERHESAP IR, 5 — R HE R AR T b RAER N R
PEATHERE , OCRR 4 —F0 4 B AR W72 40 SE A0 IRJ2 I SN R AR
B X LB BORE A DA 2 S G b T Ty TR
3.4 FHERE

TEL BRI A b LA 45 R Pt 8
I H AR token K SREE RIRATRAUR WG I X &
TSI HEBRTT S N WT I 0, O 1 IR/ N T B S SR T HE B
RO TRRMERD. UL T AREME B A A R A ROR
HROMTESS 1 B, BB 1 1 <eos > ZRAT Z R AA. BT
AR R B 20— S5 A < cos > FTE IR O NAE. X T
Ja A ER A B N R BT — AT 2 X BRPAE R Y P90 28 0 R AL A T
oy Ak

X=[x,%,",x]eR" (1)
1

z=0(x;) = e (2)

Ax)=W-x +b (3)

yi=z - x (4)

Y =[y,yy]eR" (5)

X' = grid_sample(Y' ,range) (6)

X' =[x e, ] € RO (7)

HA L X AE 1A <eos > BT Z G WS RERE, x, HEA
token (] d ZEMELTRIR, W BT AR, b (T2 K
BB, o & Sigmoid I 1F B, x\ I Z 5 HYB1E,
rangee [p,q] e [0,1 ] A REEMRTEE ,p 1 q HWSH, grid
_sample IR HAEIE RS BYRR AR T B A token FRIERE
SERG L ETFEEMAMUE TR Rt FBRE/AMEAMER
2o R REET S WIF M B 5 R 4G 10 M 2R T RRAH L F i,
R LA TR SR

X, *x', ) (8)

s 4 om )
L = ot
o= 2By

Hr,m W Z)G token FRAERUER 4 MR, s IHEAE
3.5 B#—HHEYR

B —F st B RE RS — SIS H RN
TEHER L ANRE R 5 T 5 BAR 7 I e ie. 4 —80k:
FEEEIRFEZ AN SR , e — B s R
YERT 2 I A

opinion of performance seems like "loosing” cause...

|
the opinion seems like "that" is to performance, because... i
I

1
*loosing_about 20% performancemeans some reason... |
|

|
opinion should be "loosing_about 20% performance”... E
|

| Voting [ H |
“loosing" and “that" —— loosing i (v i
] L] 1
K4 —FhEAR

Fig.4 Structure diagram of consistency constraint
Sof TR SR, I SRR AR A S DA RIS R,
MEAEERF R ABE LR B S B RIEAT —
PRI SEHRT N TR L WER, RN E

R R HEBR R 2 A 1] T IXFPEE R, BORE XA R — B & M
HIR B ISR, A1 TR B R AL I R BB D [ JX A 45
R H—EEiR.

LA 4 ), 45 7 /) F T = System is loosing about 20%
of performance because of that, & A (LM) & 1%, T L1
LA 3 {151 loosing HYE S, W@ T # R L FF 1
i 1 S 4 HE B A SR 1K oosing " AR 45 R
3.6 HERTRER

HERAR 7R A U e A h — BUPE A TR B i 4 1 45
RSB A R S S5 R S AR A HE R A LT
OB A, PR T — RN PP RN T — 48
R IE FEA AR AR AT

(i+1) -T=Gen((PIQ) ,R)
P =shift[ i - T]
Q =[result-i]
R=4- (i+1)Prompt (9)

Hory result — i T BRTRHEBL OSSR, i - T R AR
FRHERE A 4 — (i + 1) Prompt R T — R RR,
shift(M | m) R K BER A M AEC HER A m BFE LT #
BT M NSRRI ], Gen(a ,b) Fs a @ b.
3.7 BESHNRXITE

Bofa— R M RE BT 25 RAE o R B 38T
SRR LA B BAR . 4325 BB A SR Ok R BRI
SRR BB AR, TR AT

loss = cross_entropy(pre,gold) +L,, (10)
Horr, pre ATRME, gold ARaEAA.

4 EWIRITEERSH

4.1 LHHIEE

AL FF R AT IR SE Restaurants'™™' MAMS ™ A1
Laptops' ™' F#ATE8. LA b 3 AN BEREEARIE T /) F R 77 T
TR AR A - AR TR AT .

K1 SEBARERY

Table 1 Division of experimental datasets
g Restaurants Laptops MAMS
Il 2375 1447 7680
E53na 150 150 150
T, 1083 685 3356
&1t 3608 2282 11186

3R 3 R LT R A TAL B , 5 RN 254 L BHE
LR TR 4y, iR 1 iR,
4.2 ZWigERFMNIEIR

Wik B 2% 3 HE B2 PyTorch #5 & #171, f il GPU
(NVIDIA GeForce RTX 4090) jli. &t WAL B S , @7
I bEXTRERRTARER AN 1 - T. BB BRI A 4 - T B4k
SRR 25T 4 B BE RS

WM R RE X 2S5, BARBE R 2 iR fj
FrK 2 TR SRR EHTER.

3 BRS04 R ME S 2 (Accuracy ) FIK P-4 F1 {8
(macro average F1 ,MF1) YA M H545.
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‘rp,
Acc = # ( 11 )
> (TP, + FN,)
Mﬂ:%szli (12)
Fl =2 xRy (13)
TP, +R,
TP,
Pi=1p cFp, (14)
TP,
R =7p S FN, (13)
#2 HASHRE
Table 2  Setting of model parameters
HBEH Restaurants Laptops MAMS
TR AL 100 100 100
AL PR 32 16 8
25 3 le4 le4 le4
HEgE 300 300 300
B B hne 1 2 1
FAEMETER pagq 0.21,0.85 0.22,0.85 0.24,0.87
BB BT 2 1 1
Patience 100 100 70
seed 42 42 42
max_length 400 300 600

Hh 1B RSB %E C =3, TP, (true positive ) 27 IE 5 T
LRI 2R WAL ; FP, (false positive ) 37 W FAA 28 3] 4%
BRI Ky M Wi B WAL A $ PV, (false negative) KK 4
T AR Dy b 2 R A A

4.3 IfLbiER

SRBIE IR R S, S A — B AL T E A, 1
W -

BERT" . {5 it I A F19)11 4 BERT A7 f1— >3 i AB-
SA £ 153K 2N ABSA 155 WL OREEL.

DGEDT!"" ; J& Tl el 18 988 Py WU AR R 554 , B T 51
FmHEER.

R-GAT'™! . & | #4 GAT( Graph Attention Networks) 3%
RATHAG BEA TRRAR.

T-GCN™ . B X o] I B A 25 MBI GCNss ) ABSA
PHFETY 37 18 35K P AR TR T ) 30 AR , T4 %o 3 P AR
S TR TTHE R AR 2

dotGCN' ) i FHl— ol B T4 52 7 T 06 75 TR XA BT
TRTERHE R A R R4

APARND'Y . {3 FFT— it 357 F) ARM 15 1= 45 4 e ¥ 215 1
W I I SRR A M4 LI ARM 15 AE BRI

TextTG'** . i XU & Transformer, 376 HLEE A | %3t
T — PR F A B SE B R AE

H ,DGEDT. R-GAT. T-GCN., dotGCN , TextTG J: Az 21
FAHR 2 E S5 BN AR R £ 1.

4.4 IBWERBESH
4.4.1 HAARMRE

KT R BRGEAT A AL 7 — LRI IR T E

TEEM— LR, LR RINE 3 PR,

BERT # MLM Hi)ll 45 B AR # S RELIE 55 5 A P 51 B4
PRAMAC, BRI T BT SCR] I B0 L Y i 1) ]
BOROOUE] T SCEE B AR TR T 6 R R SO BEAR , (H AR
JBAT 35 AP AR ELT AR AR B 5 Y IR R, BPASE B AE T 4
MERHANRESTITRRVEZ G NFELR, XEF A RBEE
RO RRIAS B ESR. hAh, BERT 3k 5 BIA R BREE—
YL BB R, TARE W A B, X5 RUE S
B PR RS N, B4 BERT SCBUE 4,
BB HS MRS AE U - A8 B A5 1, 38 TIE T 90 A 4 B
55 B LAFESC B0 h E B L B - RS AR 55 M HY flan-t5 1
& BN SRR AL O TR SRR

F3 OBEEIN LSRR

Table 3 Experimental results of model comparison

Restaurants Laptops Accuracy
B Accuracy Macro Accuracy Macro Accuracy Macro
-F1 -F1 -F1

BERT 85.02 77.97 71.54 72.38 80.24 81.66
DGEDT 86.30 80.00 79.80 75.60 83.01 80.54
R-GAT 86.61 81.35 77.93 73.88 81.63 80.23
T-GCN 86.16 79.95 81.03 77.13 82.36 81.57
dotGCN 86.16 80.49 81.03 78.10 84.95 84.44
APARN 87.32 82.30 80.96 79.10 84.89 85.21
TextTG 84.15 81.64 81.59 78.84 86.65 86.43
TS(base) +4-T 86.13 79.84 80.29 74.81 84.38 84.36
T5(large) +4-T 88.13 82.32 81.92 79.25 85.38 86.54

FPAPIULINKL A EARE T5 (base) +4 - T A1 TS (large) +
4 -T,T5(base) +4 - T B{EH T T5 - base fE N3 N IES
B, HALE S HUE 250M A, TS5 (large) +4 - T 1]
HIE SRR TS - large, Xf A7 19 SR 2 780M. FHr, T5 -
large BUR 4R T B 8.2 , 7F Restaurants #4545 16 F1 {8 TS5

—large [, T5 —base £+ T 2.48% ; 7F Laptops |~ F1 {§ T5 -
large b TS5 - base $£7} T 4. 44% ; /£ MAMS | F1 {§ T5 -
large . T5 - base $2F+ T 2. 18% . 3X U W JEL 55 X BE 280 /) &
BOUNE BB, B RN SRR BB EH
4 - T BAEFEWRES). RS SRS ITETE 4. 4.5 ik
TFFEdiTie.

T5 —large +4 - T 5HAMERIA L, TS —large +4 - T #£ 3
AR LRSS IR B B R, U 24 & A S
{5 B AR BT A B L i £ P, (o A5 280 250 4y TR UG SR B I
4TH. TS - large +4 - T 5 DGEDT AJ L, Fr# BRI AE 3 M4
B DM RE R AR, UL B 4 — B AR AR T R AR
B5T5 BT UL , Al T i R 5 inne.

HEHAEML, riRERNA R E A RS S
dotGCN ALY, , iR 801 3 Rt dE I BUB BT ER,
{H#E Restaurants 1 MAMS |- R 4R AnE RE BT 47, —FB 43
JE R A BB 23K T 1> B3R 4R Y BB L Laptops BE K, TR 5 A AL
A B BURRLR R AE R i B B AR BIREA S BB EE /.

5 APARN A LL, i I 7E 3 U 4 B A B 47
HPERE. APARN RIS AT ARM G 6540, X4 F & {4
WG G R RERF . T 4 - T BYEFEAERE R T I
A I R A A AR B — S B AR R X L RR A B U A
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AT B Z SR T T R, L AR B B TE A B T T R

i LRSI AR, 5OA LA, iR AR
3AEERENRIR iRt E BRI ERE, BiE T TR
REHL B A RO
4.4.2 4-T@BHEEBEIN LR

RTHE 4 - T &R R DU B4 —BUE AR
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Table 4 Experimental results of model ablation

Restaurants Laptops Accuracy
e ER Accurac Macro Accurac Macro Accurac Macro
Y R Y R Y R
T5 (large) +
1 4-T(1-T) 84.39 76.32 79.68 74.31 83.21 82.11
T5 (large) +
2 4-T(2-T) 87.10 78.88 81.60 75.93 83.12 83.65
T5 (large) +
3 4-T(3-T) 86.09 78.93 81.64 76.51 84.55 83.77
TS (large) +
4 4-T(CC) 86.43 79.33 80.21 74.79 84.54 83.88
5 (T'arge) T 88.13 82.32 81.92 79.25 85.38 86.54

% ELSCE 1 fISCE 5, Fl {H 7F Restaurants., Laptop Fl
MAMS [ HERR AT HIMEAR T 6.0% | 4.9% F1 4. 4% ; X 1132
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BB RO A A X 2 F B, I i 2 3k v B PR (Multi-
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Fig.5 Statistics of minority high-confidence cases
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AN EAELE, T5 (large) +4 - T B PERRR I AHIF. B
43k 35t , 75 Restaurants Fl MAMS (g4 PRI HRERI L
Laptops ${¥R4E 2T, X W BRI 3 D ERAEAR W M AE HL R
BHEHA. MF 1 _EA[E 1 Restaurants F1 MAMS 3R 4 1%
i LY Laptops B REHR R R, 1 4 - T B 4EGEHEMAE
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F O E B R R A
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Fig.6 Feature pruning comparison experiment
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Fig.7 Peature pruning average dropout rate statistics
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Table 5 Comparative analysis experiment between thought

chains and single instruction prompts

Restaurants Laptops Accuracy

Fe R Accurac Macro Accurac Macro Accurac Macro

Y ®m Y R Y Rl

g Tobase) + o1 93 7321 70.89 69.44 83.11 80.31
Prompt

p Blarge) + g6 46 7911 79.58 74.41 84.08 83.76
Prompt

3 OGPT3+Prompt ¢\ 15 5799 50.77 44.01 66.31 59.97
(Unsup)

4}5_(;’”6)* 86.13 79.84 80.29 74.81 84.38 84.36

sfs_(fge)* $8.13 $2.32 81.92 79.25 85.38 86.54

6 SPB+34-T (o83 6471 54.01 45.85 67.58 61.98
(Unsup)

— 7T, B R AU R AEHE S A “ Let’s think
step by step” VE AR , XTI BB 5 3G L2 W HE 7 Ak 4R 19 45
R EERE; 75— H, 484 B8 XHHNRE BT L,
T S ESMERE B A X R PR B 51 IE [/ H.

M HEE 1 ~ 355 3 FISEE 4 ~ SC5 6 Al LLE Y, GPT3
1) F1 {EAIAERS Z8AH L TS5 (base) 1 TS5 (large ) B B, X2
BT, GPT BRI , BT LA JG 12 108 5 o] 4 Oy vk 2%
RS, HABRL APL i 5 S0 H 1 T R H. 530 GPT #852
Fr AL 56 e 1 B8 DAL SR () 28 PR S T, T A T P A
TRERIESR.
4.4.5 FEERBEKHSH

HTRAESHEEM S HOR/DA 4 - THRBIME I, )
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Fig. 10 Attention scores for different question types
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Case#. " The crust is thin, the ingredients are fresh and the
staff is friendly”

aspect ; ingredients sentiment : positive

1 —T:In "The crust is thin ,the ingredients are fresh and
the staff is friendly" ,what opinion is a description regarding as-
pect ingredients.

TS5 —large: In the sentence " The crust is thin, the ingredi-

"

ents are fresh and the staff is friendly," the opinion regarding
the aspect of ingredients is " the ingredients are fresh." This
statement describes the quality of the ingredients used.

2 —T:In the sentence "The crust is thin the ingredients are
fresh and the staff is friendly," the opinion regarding the aspect
of ingredients is " the ingredients are fresh. " what are the possi-
ble reasons behind the emergence of this opinion ,and why?

T5 - large ; the Reason behind maybe Fresh ingredients of-
ten have a superior taste and flavor compared to those that are
not fresh.

3 —T.In the sentence "The crust is thin ,the ingredients are
fresh and the staff is friendly," the opinion regarding the aspect
of ingredients is " the ingredients are fresh. " the possible rea-

sons behind the emergence of this opinion is Fresh ingredients
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often have a superior taste and flavor compared to those that are
not fresh. In general ,in what circumstances is this sentence ut-
tered ,and why?

TS5 -large: A customer writes a review or testimonial online
(e.g. ,Yelp,Google Reviews) or in a feedback form.

4 —T:In the sentence " The crust is thin ,the ingredients are
[fresh and the staff is friendly,” the opinion regarding the aspect
of ingredients is " the ingredients are fresh. " the possible rea-
sons behind the emergence of this opinion is Fresh ingredients
often have a superior taste and flavor compared to those that are
not fresh. In general ,the circumstances of this sentence uttered is
A customer writes a review or testimonial online (e. g. , Yelp,
Google Reviews) or in a feedback form. Based on the above a-
nalysis and opinion ,what is the sentiment polarity of aspect in-
gredients?

T5 —large: Based on the analysis provided, the sentiment po-
larity of the aspect " ingredients” in the sentence " The crust is thin,
the ingredients are fresh and the staff is friendly" is positive.

TR, TS (large) TTRER A SN AFBEE,
o FH R e — B 2O, BB I — B i 0 S5 R I R ANME T
PR, AN 0T 2 - T rp i 0 5 B Y HE B R 45
WERA LN, ARPH 5 T — B R R 4528 “Fresh in-
gredients often have a superior taste and flavor compared to
those that are not fresh” ¥ iZ4E Rk 3 - T #f7 F—4
HEH. BRILZAM, AT RLE B 4 - T B AEFE R Bl IR IR R
AR AR A T TEAMERTE SCH & B ) T rh T
i 5 A

5 #5RiE

PR BT R R ) TN IR TE (R B AN SR E
RRSMTEEEA IR R, 430 4 - T B4k
BEAl. 4 MBI A, AW R W T RANERME B4
3, AR SRS B B I . SR, iR AT
TSRS TENR B IO LR , TR 4 — BOME 2R, SR
BRIAHERRCR , RO IR R Y. &5, 5 4 MRk
PR BRROATEE R, 18 3 AT EIRSE LSRR, B
REAIRA NN B 4 - T BEHEA T H—B R E
GBI T HIHER K.

R B FLIUS RIT R EE R, (B R A 2.
I FFIERR Y SR AT 2 57 BORPIERR BY P AR AL HE BT 72, A
R AER B A P B R — SRR TE B ROk BORBUE R
A0 R BT SR MR TE PRAFAR I R 8 9 [ I sk 2048 e HEE SR,
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