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T WA= LSTMS RNN9| 7] of&4 #4174
= JWAdst7] s A< A THZhang et al., 2019;
Hl ), HW, 2021). LSTMS 2429 v 2g
Aol 18 Al°|E, B2} A°IE, 28 ACEE F
7¥ste] 7] 9&8 EFARE NAdEAh ol
53 LSTM 259 Zo)9} #Aglo] &4
il $d dse Yl ItHTai er al,
2015; Zhang et al., 2019). LSTMS- 283+ 7HA1 &4
zdo] F= FHLe <ay >3 o] Word
Embedding Layer, LSTM Layer, Full Connected Layer
2 FAE A ONNZ o] g E3EE
7} ©o]= Embedding LayerS 535} W E E)
2 HEd 0502 LSTM Layer= A W
Fe| = W= o] Jed PHolA R W 5

} Output Layer

/—% } Full Connected Layer

Max Pooling Layer

- Convolution Layer

J\

~ Word Embedding Layer

(a&l 2) CNN 7|gt &

Wn—2 Wy_1 Wy

rd

2 of7|HH

M
J

2021. 8.

59



8 Sl s AT, L, Age o
QoA #23 $A817] $13] Dropout LayerE

Agste] £EA0R Stgrol AWHES 243
t}. vlx]Et o 2 Full Connected LayerS % 3}3}
=

oM AZEME g Fill HFTAHORE
A4 546 tig tF E7E T ehokSeveryn

and Moschitti, 2015).

Al WA= CNN + LSTMS 483 7P EA 2
doln 75 g2 <19 4>9F o] Word Em-
bedding Layer, Convolution Layer, Max Pooling
Layer, LSTM Layer, Full Connected LayerZ -4 ¥
T CNN + LSTM 94 753k CNN LSTM9]
e 2t AT M AT vR7HA
2 g 285 += 7 ©¢ol= Embedding LayerS
S35t WE e 2 HEkslal Convolution Layer
oA BE 7dS A&t T3 v A

_

LSTM

. 2.2 LSTM Layer= 94
ghejo] leE FHoA 2 F9] Al

sietaled S AW, E
, Dropout Layerg #-&-3to] #A3S WHA|stal
8702 shgol RS AAs. vpAeh
© 2 Full Connected LayerE F3}3}o] &8 F0lA
AT EWA LE B HEFAHo=g M EAM)
3 o EFE 434k (Severyn and Moschitti,

i

fu
&
gt S

=
S

mar E
==

v T oox
19, oft [1.110

o,
mlo

O fob rob il E

B AR M= 3‘_{7}73,2 245 vwslr] ¢
T sty 232
gol ’5‘} 19 l2he| B (Hyper

Parameter) = 791%3}5‘5\‘3}. 279 o)zt AYAA
AAY o AR E4lo] dAsing o] A
5] xio}ﬂ% A7} AT Wen et al., 2016)
b Fas 7 B4 fA st B4 34

} Output Layer

Full Connected Layer

~ LSTM Layer

> Word Embedding Layer

(38 3) LST™M 7|

Wn2 Wy_1 Wy

LR 2 of|=x
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x| =H &

o

Pt BHeld 71Ek Jjelst FH AH|A AT

E3Faar lthShen er al, 2018,

&3lom 841 5S flal ZF Tolo] u|
9 YL 30002 AASHETE T3k W WE
gHol|A 297 E4S F=317] 98 2 Ad
o] A7|= 302 A3, B9 gy HA A
HA4 9} FAE WAE 7] 98] =5 ok (Dropout)
H&2 052 A7} thHassan and Mahmood,

wp Wz W3 Wp—2 Wy-_1 Wp

2017; Jangid et al.,, 2018). Convolution Layero]] A}
A Nre 71E 979 Ags whebA 3002
473 ™, LSTM Layerol|l A &1 9] 4= &
H AFE st 12808 A AES 73
3} 9 th(Wielgosz et al., 2017; Yenter and Verma,
2017). 23 k5 ) HH3} dag)F2 Adam
< A&stdon gerlErit & 3719 &

gtgstel Ag=E AT F UES

o

(Alhuzali et al., 2018; Kingma and Ba, 2015). 354
2doM &7 BLEE H718 ) Epoch?} Batch
Sizew TH¥SH A71E A&t AES AL

Output Layer

Full Connected Layer

LSTM Layer

Max Pooling Layer

Convolution Layer

Word Embedding Layer

(32! 4) CNN + LSTM 7|8t ZHMEA el o7 |EX
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(B 1) Zdz4 22 sto|lH oiefo|&
Parameter CNN LSTM CNN +LSTM
Review Length 250
Embedding Dimension 300
Vocabulary Size 45686
Filter Kernel Size 3x3 - 3x3
Convolution Layer Units 300 - 300
LSTM Layer Units - 128 128
Dropout 0.5
Batch size 32
Epoch 30
3.4 4TH: MZ22 AIRAl ZE2OiY 7 al., 2012).

of @AM = Held 7wk AR Rds
283k el £IH= A8 545 FE3
S, W AT FAHOR
B8 Naw Huel JPH w4
e AJEAE HlE O R ANEA =2
At} g 5o, AAT} 7} ReiR
ol 7o, 2ol L R

2
oW W Maw Ansh 441 45
]_
4

Hm
B
&
ko £
B o
fol dlo XL
il - o of

oX, ol M XN o o

N
-

o I
o
kol
N

Ak B e AR

Q) B Asiga 2R, 43 /1
wmwz# 1.0 444 A
A Q5% ARs} BRG] 23 4
= BARO] ZASA, Ak WHES Y47

*]
o

—u
L
_?L
X
il
b~
ok
4
%0,
ui

UBCF 7141& A4 18] A5% SA5E 7
Wajo] WBsk HAKE ol & AHEAE HEET
ol% AHgAEO] Wk BHE Fhez #4 o
A AEAF] AE e Oﬂ—f—?_U](Rlcm et al., 2011).
UBCF 7|2 AL8Ae] A3 HHS o5
W AR AREAL 2FO] FALEE AAbeth AR}
aSh AR} b Abo]e] FALEE The 2 ()3 2o
AL ThEAE F, 2015).

Z (Ta.v' - T_a)(rlw - Tb)

ie7

sim (a, b) = — €))

\/;][(Ta.i - 7"/1,)2 \/L_EE][(TM - 7‘1))2

71N = 58 AAY] Jeks vEdY, o, =
AFE-A} a7]. ER 54 ;0 B3 Mz T FHS
UERAL = AREA a7} WA S -] Foqg A
3% HA Hds el Sk

AHEAL 2EO] frALE AlRkS F
AHEALSE DS E7F AR AREAE A HE
o] A=Y HA WIS
AHEALY] M3 EE 5T + Ao F
AHEAL o7t B 39 o Hg HEE
2 )% 2ol 7t e
(Su and Khoshgoftaar, 2009; <=2

o

30 m & & o 9

oo oz ox K
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x| 2H ofZ

o

Pt BHeld 71Ek Jjelst FH AH|A AT

> (Tuz —;'u) - sim (a,u)

us U

E lsim (a,u)]

uEU

plai)=r,+ @

FAT UTE YA BEE o, 7, O
ARGAE BE -0 Fog A3 % 3 ilL
VAT sim (a,u) & 57t AR
A u Aole] FARE At BE HEAE 41:1 5
W GALETL #2505 2 71EXE Telsa gl

IBCF /1% A} 4 Felal /1
Wt sk} S B9 9] fAES A
o %4 N A8 A} dEshe £9e o5
(Linden et al., 2003). UBCF 7|93} v}zl7}x| &
A frAbe Ale slor sk, of7]M sE it
9 j Alole] FAMEE A (3)3 Zo] AlLHETHSu
and Khoshgoftaar, 2009).

rLr
% o

-‘1;@

Z (ru N 7;1)(7“15 J T‘_])

ueEU

\/E u,i \/
EU welU

A7) r= 59 o) jo BF A
$olgh AR A e HEE veh
874 w7t 39 o Rol9 HEE BHS
e A AL 5 59 i Poldk A
= %4 39S e gk

71%& A UBCF 715 92 A5
He B3 5% B A @ 2ol AN

éZT)’L

(©)

o

AR BE sHlof| Fojdt M3 E HH P
YeRATh sim(in) © AEE FHE o SF3iE =
393 g2 39 719 fARo) 7Ex 2 Bt
o ol el 399 AAE 390 HEE B3
& WSty HF HAsE P Aldtet

29 7a SVD 7S 1x19e] PELS A
o] PHE FAshe WHOE /A FH A~
Ao A dE] AE-E 3 U ThRicci er al., 2011).
BE AREASE s’ tigk mxn 327]9] $4
M=v=v'& ®fE U, .., =, VL E

e 7N 0, ., = ARAF EE Ve,
V,LTX,I € 39 gEs Yy =, & daE
S JER I glth SVD 7oA AL s E
HH-L 24 (5)9 o] AXFETHSu and Khoshgoftaar,
2009).

;ui = l’[’+bu +bt +Qszu (5)

A7IA pe AeE B BaS vepie, b, 9
bf-% 2z ARgAReL SRl thet B #he UEh
3 A g8 p, = AR TN AREARS}
i%-"% ZLZH@ L91E& vehla gk 53, #2
M=UZV'E 324& Yehfal 1o B g ALE
A7} 18] Bt AT e HHY PRE A
A LA Haskshs A4 a9lE 27] s
A (03 2ol st 2ol Zasit.

min ¥, (r,—7.) =G5 +lglP +lp,I?)  (6)

(u,i)EM

F AHER L 5, 2015). _ -
T R s, 2015) Aasle 8187 AL 317 Stochastic Gradient
Desceny& 243t ofefs} o] 7VEx 2 43t
Era nt sim (i,n) _ - _ ~ -
plai) = =¥ ’ @ WA HFH0Z AREALe] Aee HAY r & oS

7 > Isim (i,n)] s},
nenN

AN rE FH WA AR RE FE) b,<b, +(e,; —Ab,) @)
Hojg Aae B3 FFS e, -, o2 b—b; +(e,; —\b,;) ®)
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OIS HAY NEF- LAWY

PPy +’Y(eui © g )\pu) (9)
4T e, - 4, — Ag;) (10)

AN ¢, 8 AA BH 1,5 AZ HH 7,9
Aol 2 AXFET E, AHGA L o] FAA
sole AT wet RAIE 271350 A
A, ol B3l AHgAsk £ 54 B
DS EERE L

V. A3

H

4.1 HIO[e ¥ HIIX|E

2 A+ MAA Y o8 F3E TripAdvisor
(www.tripadvisor.com)ol| A ©]= & 2|Ye] 5 €
H7}t dlolHE sk Aokek 3 WHE] A
S Hrbetath 3§ dolHde AHeA}, &
9 BHAH 9 gl AR w3y gk gARA
3 A3k Hlolgd+ 39,945‘33 9]
AHEAF A E, 69,5937 T R 2 161,0577)

ot dse HHos FAH] glon, A

= té U]—Z_:_Q_

¢

5 A,
4’84 571‘3«] oTOll—‘c— > égi 3%8}2‘;?/}. o] 7]
A 34, T 2 20 X3 = dolEE 747t
5000715 =% (Sampling)dte] 7H3EA =
Shgpoll ARE3FTE TS 1St 4 AR e
s H7E Y3l 33 vlolE o= 103,024 2
AREALe} 61702) S el thEk 132,669702) 259}
Ase Fgo] g AUk B AFAe o

[

g 7S A8 AR RdS Sed o
VI Fol2, 3 H5& B850 Z45)
98] K- w2} 74=(K-fold Cross Validation)= <~
A3ATH K-A wa A2 doJEE Kz B8
stal agolA = 4 B7ke s ARgska
U Ale 2d Shgs 98 ARt of 710 A
Kgks st 448 5 gloy 2 ghs A4s)
B Ak A ARkl ZojA|a A%k Hlgo] 71X
= A7} A HH(Cakir and Dogdu, 2018). & <1

TolMe AA "olHE s/hE E&8sta 230
A ) golHE A% 9712 98 A18ska U
Ae 2 Stgs 98 ARE-SHITH(Cakir and
Dogdu, 2018; Faker and Dogdu, 2019). 7Hd&4] &
99 &7 A% B7te <& 2>9 £F 3 E(Confu-
sion Matrix) 7520l @&t 2 (11)3} 2o] A Es1A

R Aol A4 &7 2HE vhe H”%%i
AR THPark et al, 2012). ¥ ATFNXE 5-73
b HFE AHES R R F 535 Asto 74]*&19_
T AY=E Bt HFAH R Bl B
=g ALt

r

P

(E 2) &5 g (Confusion Matrix)

Predicted Class . .
Actual Class Positive Negative
Positive TP FN
Negative FP TN
TP+ TN
Aceuracy = N P EN an
AQs 3 Auze] 2 4% BhE 22
= Azx =33 A4 AT S29 xpo)=
Hwated 249tk B Apd e /e 37
Az Ao A F2 AH8E L 90 MAEMean

Absolute Error) 7R E & ALE-351e] o2 Ao
B 7}81 3 th(Park et al., 2012; Su and Khoshgoftaar,
2009). MAE H7IA %= A4 Ase B3} o=
HEE B 00 9AF AROE ek o
25 3tete] oS dolH Y AevE Ure
2o 2 ALEHTh o714 MAE #o] &ASE
A3} FH M| 29] o F AFol o Saitia
712 4 SlE MAEE ofel 4 (12)9) 2o] 4]
"ot 714 N oS HAHY NS YE
b 1 8 247 o2 WEA A BAE e
Wi

= o ﬂJ[ﬂJ

o

MAE=— Z' u i (12)
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22fel =H 2|Fel BH 2| X ofds fltt Hald ZIet Jielst =M AMd|A T
4.2 A8 (% 3) ZMEM oY 25 et
Training Time
B Ao E Fu) W, HY 5 AHgA M5 Method (Sec) Accuracy
Tuks v88tE 7)1E Qs 23 Au)A #H CNN 259 0.8836
ATLo] A= A 0}7] 98 AFR A A A LSTM 1647 0.9050
il-:_g]r xé/\é;gl NEE2 ZA Oﬂ 1‘:‘5’3]--— *Hi"" CNN + LSTM 423 0.9180
FH PHES AT & A= i5-9400F CPU,
16GB RAM, RTX 2060 7] ar8+A ol A S35} T}, A HA= CNNS &8st AHEA 1Y =
WA gl B TeE A EAS 223517 93 de BRI o8 Tl AFH 2= FHe}
U% ?——;o]—_ﬂ at @.9] T,]:_ngr ;\g%% %]7]_?\& %—X]—% H}%—o‘i }‘Hi% Eiﬂ}%\% :IL'—;’LTBA]'%E]'
“ : ” = = - O Il
2 AP PG 1§99 A2 I Bdising® £E 452 9HE Eyee
=z =% o « » O
me) BF ANEE <F 33} grh APy T 1o THES UL Proposal” A
TolA Aok A Hee ARl F44 A
AHE 2 é%ﬁ 9 Zo] A CNN +LSTMS 3
: L B AN} A%k HEE YRvhe weshe
$39e W 27 JFEIt 09182 /M $5F
= - - = [e)
34 W E< yehdth UBCFS} IBCF 7]H ol A
BF 45< tehi otk NG 38398 ; :
= o o] AMEAFY] ATVt TR W o & AYEE

Aol wIs A 713 e
el e, £ Aol 088368 e

1 2 WAtk w2 74
o gltk Y LSTMS 48398 W ¥R A%

& 09052 —"rv*rﬁ}ﬂl Uehta glov, = 3

Hrkeb7) el ol ALgAe] 2715 138 1007}
A A3t SVD 7S JA)2 2 9)(Latent
Factor) 27|15 15-F 100714 A8 o, 74

ol AY Ay

L

Ade FH YHE As 7€ 7 PHEH
AlZto] QPFet A&dtE £AHS U B WS w), o] ALeApel AR Qo =79}
Ak & ArelM TEE b FE e AR ool AAHoZ 958 o2 J5g BalF
2dS ARSSt YA Ao gHo} gy A 3 Qlth A2 0 2 UBCFa)2} IBCE(Db) 714 ol A
= GR7E dAshs ARARE N R AEA o] AR A7)7F 742 30, 4 W THE S
Zede PEHIL 7)1EY RE HEE YRE @ 622 BAFT glom, SVD(©) 71Ee A
aEshe F3 PHEY o 3 A5 sttt A a9l 2717 159 W HE S d S5 S A
UBCF IBCF SVD
“95 —=— Existing o —m— Existing o ~—&— Existing
---4-=- Proposal 0.90 ---de-- Proposal 0485 ----=- Proposal
< 080 L\_‘\’\-—H*"’.—.\'/-/.\' % 075 g g,

Tl 2 3 4 5 10 15 20 25 30 40 S0 60 80 100
Number of neighbors size

()

(a2 5) 7| CNN 7|gt Z4:24 2d XNZof| e

(b)

12 3 4 5 10 15 20 25 30 40 50 60 80 100
Number of neighbors size

<1 59 2o B AN

|7_<
=

4

Number of latent factors size

[
o

©

H|

2 3 4 5 10 15 20 25 30 40 50 60 80 100
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NN o

.8%(UBCF), 5.2%(IBCF), 7.5%(SVD) 2+
St 7t JHA = Ao

d

(

el o) Fa AHAH Hdse
|Ehe=A S Folsla AEe FR7F o
g B o R A2 T2 7533 th
n}37k 2| 2 UBCF$} IBCF 7' o] % Ab&21¢]
718 13E 10074 ARt o= HEEE 3
7}t SVD 7R A 2919 A& 1
B 1007t ARt ol & Ao Hristaom,
TAH] AY A= <ad 6> 2 JF5EHY
3 R ES HugdS o B AFAA AQts
WHEO] AAHoZ 943 oS He s B
o F3L Utk 7414 2. 2 UBCF@)$} IBCFb) 71
NA o] AREALY] A7} 242 100, 49 W 7HE
e &S BT 3lom, SVD(e) 71

=

A

oo 1o ox

e
N

UBCF

IBCF

AAA 29 A7)7) 24 W) 71§48 o = A%
< UEH T Qi) RE AsE HHS ¥iete
71E 2 WHED vuge o) 24 Yo

2.9%(UBCF), 6.2%(IBCF), 8.5%(SVD)+& < = 4
=7t fA = A

A WA CNN + LSTMS: 2830} A}-&-7}9)
W B BRsha ol Bl AHA diwe}
o YXFEAE Il HaE7F YA g AL
A5 Adste] A2 229U 153 o
Fe o)X AL A7) e dF HYEE
7¥8}7] $13] UBCFS} IBCF 7]¥-& o]% AMg-2}
7] W9E 157E 100704 2435k SVD 7]
He AAE 8219 A715 158 1007HA] 2743
i oS A Hrretglon, AAQ AF 4
= <9 7> 2ok O AF o] 71E F
A Ed vugds uf B AgelA] At
W Eo] AAHoR 53 43 AT S B

F31 ok 7417 © & UBCF(@)$} IBCE(Db) 71l

SVD

—&— Existing

~--e-=- Proposal

s,

ST S S S A

—=— Existing —&— Existing

---de=-- Proposal ~--ae-=- Proposal

1 2 3 4 5 10 15 20 25 30 40 50 60 80 100
Number of neighbors size

(a)

1 2 3 4 5 10 15 20 25 30 40 50 60 80 100
Number of neighbors size

(b)

1 2 3 4 5 10 15 20 25 30 40 50 60 80 100
Number of latent factors size

(©)

(38 6) 7|™Y LSTM 7[8t Zd=4 28 Mo mE off d5 Hlw
UBCF IBCF SVD

—=— Existing

---4e-=- Proposal

075 A

S

085
i MJ\‘
< 080

i S o VT AR
-

—=— Existing —=— Existing

---#-=- Proposal ---e-=- Proposal

1 2 3 4 5 10 15 20 25 30 40 50 60 80 100 12
Number of neighbors size

(a)

3 4 5 10 15 20 25 30 40 50 60 80 100
Number of neighbors size

(b)

0.60

1 2 3 4 5 10 15 20 25 30 40 50 60 80 100
Number of latent factors size

©)

(g 7) 71" CNN + LSTM 7|gt Z4EA 2H XMool mE olF 45 H|w
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22101 ZH 2|Fet g 2UX| ZH| oidS et HRd 7lgt JHelst =M MH|A o
(E 4) Mot HHE H4s5HI| 2ot @2
Method CNN LSTM CNN + LSTM
. | Training Time(Sec) 259 1647 423
Sentiment Analysis
Accuracy 0.883 0.905 0.918
UBCF 2.8% 2.9% 8.2%
Im;zrvf;’ii?"f{ate IBCF 52% 6.2% 10.9%
SVD 7.5% 8.5% 11.6%
A o] AREARY] A717F Z42) 100, 50 W 7HE a17] 98l A2 FH HES ARt Al
e dSE BoFal QloH, SVD(e) 712 bk WHES FH Ass Hrketr] sl AlA
A 2 2717 39 W) 7P 95 oS A FHu) o3 ZE TripAdvisorol A H|oJE1 S $3
S Yehix itk BE A3k 3HE Xgste StATh AF A, B AFdA Ataste A4
& 20 PUEN MaRe W 42 BEAes  Hewe) 4% Wrws) A ARHe 1
8.2%(UBCF), 10.9%(IBCF), 11.6%(SVD)R+& o] = Bshs W ol 7Y A B4 dex FR
=7t N Aok TS ke WHERT 578 A3 s B
B Aol A Ak FH W E Hg A AT s T 7 U o) e
A7t A9E QoFshd <3 4> 2k Ay A, AS g o2 ARl 2He FAIRE ST o)
AAAHoZ B AFtoA] Abst Wi ol wh} 33 BRA e ARt A HAox FHY A
R A% el 1B RE HEE AL T AV ASE BH6 folnld 9B T8 5
P 22 HEe) B AF A5ET S5 ASS AT 5, A8AT A4 el =
& BT 4 AT, TFANE OW + LSTME 8 A4H A5E AR AH8AY} Boid %3
AEstls W 27 AE=7 0918 7HE - of e A Ao JH7F dAEE o
S VS 3T 4 ek B B AT Be NS ATE 5 98 HelFth w4,
Ak 4 HUES B3 A% A5S WS ONN + LSTME A88 7484 292 A8d
w 7)E 3 PHERT AREeE SasA g g S5E 43 A% YD 8S
ERlE lOF], 53] ONN + LSTME A8 w9 4 Agith o)t 2lfel 944 dsE 54
% Q% Z71g0] TS SHUD Ak L 33T v 24 543 wete SA¢ 1A
oo} RE AW YRl TRHE 24 SAL W ¥R Aol S50 UE + 9eg A
ERE o g 54 F&7 WK Context) S 54 gHH(Borgonovo and Plischke, 2016).
of me)% W R Aol ek e 4 9l
S-S AJAFgFCH(Borgonovo and Plischke, 2016). 52 917 sHAHA 2 F£5 HAF A=
V.4 = B Aol AR A4 2ol 44
4 A3EE d35T ol 494 93 Azl
5.1 97EL £ Wil HeAes AsE AR AR S
AE WEoR 23 AHAE AT HHES
2 AT e A Adee Fre 2R At S Hristth Ao SAHEH
A7 Hsx ZEIF AR e 2AE A 5 A7 Age vt 2o 3, & AFelMe
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B e "Held 7S ARSste] 2HEA =
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Amazom Coupang %— fﬁﬁ?—% °1 ﬂx}“ﬂal ENE
NAE AREAZE 23 F R 7T Al =ao] H
EAE BRSE MUlAE AFeta ok o)t
2o g8 784 ARE AN FuA g,
o ZlH T AA 4o ¢S = 5 Je dF
£ AAT & ok 5 ATE 53 184 A
= Q18 FH Mulzo) kst FH A S
Fole WHES 13T 4 Utk

5.3 St&X 9|0|9t AR AALH

B Q7E 2hol

el

8 A4 ABE 4

=1 LU Y

Hol HFHQl dax FHE H|
AE7} Ak F‘LZ}—E— Hg o
T3 o] & Tl AFEAFe] A3 =
o} o9} T B AT F=F doe v
2t} AA, xF vAE doly JHE YE
We g4t HolHE st F3H ARl A+
A EAoZ AMEE £ Qe WHES AL
o 71E 7jAst F3 Muze] d7e F2 34,
T AR T FEHoE A A A EFH
ARE AMEste] 4 A|&ES P58l AREAL
HNIEZE o =3t tHChoi et al, 2016; Li et al.,
2014; Ricci et al., 2011). F& 2812 &3 F3}9
oz 28RS B3l AES Fullske AREA
7 F7vetal itk 53 AFS 7 w2
tolEle AHEAZ} AF FulE A8 W T2
gk A& st Qlot wEbA AREAL B A
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A Study of Deep Learning-based Personalized
Recommendation Service for Solving Online Hotel Review
and Rating Mismatch Problem
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Abstract

Global e-commerce websites offer personalized recommendation services to gain sustainable
competitiveness. Existing studies have offered personalized recommendation services using quantitative
preferences such as ratings. However, offering personalized recommendation services using only quantitative
data has raised the problem of decreasing recommendation performance. For example, a user gave a
five-star rating but wrote a review that the user was unsatisfied with hotel service and cleanliness. In
such cases, has problems where quantitative and qualitative preferences are inconsistent. Recently, a
growing number of studies have considered review data simultaneously to improve the limitations of
existing personalized recommendation service studies. Therefore, in this study, we identify review and
rating mismatches and build a new user profile to offer personalized recommendation services. To this
end, we use deep learning algorithms such as CNN, LSTM, CNN + LSTM, which have been widely
used in sentiment analysis studies. And extract sentiment features from reviews and compare with quantitative
preferences. To evaluate the performance of the proposed methodology in this study, we collect user
preference information using real-world hotel data from the world’s largest travel platform TripAdvisor.
Experiments show that the proposed methodology in this study outperforms the existing other methodologies,
using only existing quantitative preferences.

Keywords: Personalized recommendation services, collaborative filtering, sentiment analysis, deep
learning
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