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st ot 5o AF e F e FF F8A0] tF5I k. 53] Amazon, Netflix,
AR7} 7ekgEo R sojdel ue 1AL Youtube, Google & Wd 22kl Z:;E2 71
ARp1e) AE o) gl A AHIAE T2 A o AEEE aEste] 4 E Aul2E 34 3

R =S ATAT 4T BK21 Ao ZRE Ak Al



>
o F

b2

e 2

- 03:

ol
¢ =
N S

O do ul koo
ol o

u}%ﬂ

N
=
o
.I.4
r2

1)

HES

ox
10
s

AEA Albete W
A Ao Yehd AHgAke] B
Now 48A Be FAS HHE
E5), thekst gl AE nlolyd 78S ARRA
2] HlolEfll 2-8-3t] HAgAR A=
3, 015 veto 2 AbgA} Tbe] FALE
ARRT AR, F HAE PLE AT
& QAT AR A} o] %
A o A fARESh B L of
FAI=ESE

Ofo
=
o

08;' ﬂllﬂ]

-

3

3

AA mE2] 35%

FE AN2ES HFAH 07 B8 YTHLee &
>
Rl

Hosanagar, 2019). ©}7}E&(Amazon)| 73-F-, A&
A 559 60%7F HE Tl
&

Al Al A&= =
qFo= ojojFom, o]
Foll 719 ok Brgich =g U1Z8 A(Netflix)
o] ApgAREO] AIAR I3t FollA 75%7F
AH)AZ o] Fo)A] 31 T MacKenzie et al., 2013)
< ZEF(CF, Collaborative Filtering) 7] g FAE
= AAEAY 2okl A s FH AR AE oS B4
Ag & o 7 de] ARREI Qlom 3 Al st FH 555 AT o AHgske
2" JuEE F M 58 A5 S RAETh SA T3 BA, g 2 FAE FAERE ARS
AREAE Z1RE ] HE " o] HA, Tl sto] 2 dagEE AT B AFoA=
o FY i 5 AYAH AsE JHE vigr Mean Absolute Error(MAE), Root Mean Squared
IS AARZT o= AE Error(RMSE) ¥ 7}%] AHgste] AQbsh= 5
AHAES T8 A WHES H%5s HrskATh
= AAE B AFolA A AbsteE 2lRE wrgst
A  FHE FARE ARESE 4 dare]Eol
@ HH ARG RS 7|2 FH dagE
=k g A3}E JERAY E=3, TF-IDF,
Word2Vec, Doc2Vec 7] ARl HA~EE
A% ZH

o
o

1=
O & FARE o] %
gk Az AE=r) fAR
’FEol UM E Hlsgt ASEE 7RItk
., 1992). o] % XA
232H gl 1179
o 5
O]uﬂlﬂ o].l: \:l]—]:H.Q_ q.a;ﬂ 7(48_0}31
g Al AHEShe FARETE Eebdol wet |
& Hud A, o)

W o) %

0% 9]
vl 2 HoK(Goldberg et al
H o] BEF59f 7 7]5C
AEEE dFste] dF 9 AR2E AlF
AFAQ Y Pl A A=A
Az Erks ARgste] 34 E 3h7] wiell AHS:
ko] A A2 =7t 18] R A &= 3
A7} WA ATHZhang et al., 2014). °]2g A el FH dudE s
S s8sk] flsll ARgAke] AR AEEE A & 9 24 55 YA @A YA TF-IDF
FHA 2" o Hhgate = AT77F s X 7IME AHgste 2l AR S HEY
Atk 53] AR A4S Bl 9 2E ARE id ATt 7 =& AS FUskdTh
e A7 B FEES T thA RS & =2 TS e 2ok AR A=
%%, 2016; Choeh et al., 2013; Zheng et al @‘{} ZE|F 7 dlo]E mloldo A Aol of
2017). 24 HlolEl= Aol Asizl 7% §lo] 3 A ETh A3 M= B Aol Aljbe=
22l AL AfEA A4S & A= EA W 2ol el A A2 AR, A 47l A
ujZoll, 54 ol thall 7412 olaL Az 7 = AT 2 dag)Ee A A5 A
s°] @ : olE] &7l ¥ wehvE ME, A3 A 2 A¥
Aol sl 71=3ht}. ppA O 2 A 5%l A=
B2 ATY AEH A, A 2 ¥ A

jolf, AZE] AMEF Y] So] FAUL
£ Ao Me Al B HR wek ohg)
AR E2) B ElolEE Z4staa 3tk



Aol tsty 7]Eg.

N
g
&
2
-+

2.1

ok
I1°]
1]

B

o

|

F AN Z'E AR Eel Bl g WA,
HA T 715, 24 AF 5o AFH HRE
7IRk0 B ARBAL A58 W AFEolu AR| s
AFsh= 7IHol|tholE% et al., 2022). =23l
EFo| AFste AEIL 7taTHoE S7t
skal Q7] wiZol] o7k 3 A|2Hle] F oA o]
7= Itk 53] 719 33 Al2"E &8
st Al A4 B 9 1A A, wiE F
T g FE S A 5 Utk mEkA =28
714 2 A 4 BobollA 4 Apl A8 =9
stal glow, o #gt AFEE iks] Y=L
T (Marlin et al., 2012; Paradarami et al., 2017).

T4 A 2E dugE T oM S A s
HoF= ¥ HEIY(CF, Collaborative Filtering)

F 52 AR 2 AR S TIH e R S
oh g o]go] fARRE AREAtel i A%
ZIRko 2 ARgAeL AE THe] FALEE ALt

o o 1o rot o o rlo
v}
oo
3
=
Q‘L

-y
( &L‘q
<
o
oy
2
fiu)
rok
It
b
S~
>
oo
X

o=
oX
o
Mo
i)
e}

)
=
A
0

2 A4, 52 44 3¢
AZ FAD AR 716 §Y ZE 3 oo

e 27
ol AR 71N WYl BHPE S rEe s A
etk AHA dAl= AR Al Bl 3

e 71

7 GA
2

o

s At AMEAE E3)
A EE B AR
4 ZEE SAA 7HE T8
ko] FAIEE Attt o) Het
HAgolt}, &3] AHEHE AR SA HHS
o} 23 BA| S(Pearson correlation coefficient),
ARl FAF=(Cosine similarity) 5= ARSI} A
|2 3t AT AFEEE o) 7|Nke R 4
Bl A3 AF T digle] fARE S

ol % g A%t niA Y A= FH 55
AAGAZ, Bl AREA} FHulshA] & 5
FoA TS 7Hsdol 7 =& Aolgta
BE= A9 KNG FES Addste] 4 &
= AT FHA GA A 1 FH A
g ARgSt] Fuf 7bsA A<H(PLS, Purchase
Likelihood Score)E A4FgHh. PLSHEC] S5

FEE TS el w2 A& gt

o

e
&
X

rr

MR e 2 oo

A

-

&

ftlo

P4h5

=

- =

fr

22. MEX 2IFE AIZs FH MH[A

71€ ¥ HE #d dFA = 7 7=
2 3 5o AFH H3=ES ASte] 4
stath ey A o Evhs ARgste]
A 7B, AR A e wgshA|
Z3t7|ol 4 Aol o= A7 gt
(Lu et al., 2015; Srifi et al., 2020). & o= ©]H
g EARE NAAsH] Hs s FUF ARE
AHgshE ATE0] RPE L lon, tFEHo R
AREAE A% Bl AFESE AT 2
2184 =] 31 QTHChoeh et al., 2013; Zheng et al.,
2017). Bl AREAPL Aol g B} ALS-
$7] 55 "2ER W A FRolt} o2zt
ol AREARY] AdFol Tt &2kar A4A| s
Aro FA ok




2 B3
|-

ot & rir

ooz ®
H o
=

| HslA= #E(Vector)

19 o] ALgETh QY 3
9 2= TF-IDF, Word2Vec, Doc2Vec”1'H &
UTHA - .

TF-IDF(Term Frequency-Inverse Document Frequency)

oz
lo
s
N

Ofoh
=

011

]_

oL oo

H]
o
ATHA A4 et al,, 2019)
7S oA 4 YolA gol7k 54 EAU A
B7Y¥she W otk TF(Term

]

(%]

(2015)> F7 A 2="lo| A A
Al w25 tﬂOlEH r
AR FH dagEs Al
NEE 4EsE JHoz:
gom, ojo] T W& 7}
o] A} el 7|k
% M ﬂv/l
Ak
At

3h=
Terzi et al.(2014)= B3 o]
ko] frA

Avh} F2HA 5

5 omath FAA 28

2 gold 58 g AN T}
718 AR = ah:} o]—X] 1} th<es] Thol

&4%
‘?l_‘,:_

Frequency)#t-> 3+ A WollA 54 dol7t &

B

N
-~

Y

ek FIO

30 =omu S ok e Hr A

L
R

N
2

A9 S

o 2D
o1 JJrEI-
F(Inverse Document Frequency)
g3tk IDFgEe B4 el T3 of
=

o2 AREA} 7
St AREAF 7 71 o] HES ﬂlOP%E} 7o)
A4 ‘SPE 2

A%

8 e0ne R HolHE o gt 71E %
Jors A=
< AT

I3

71 910 1D
whol 7} Vehg
FANA e maiFe)

;g ol-jllzq
2opAI Al Har, &4 WollA 5

AR w2
@A stolBEl=
F2(2018)2 FFEZ v A}&X} Y
o2 834 Word2Vec 7|HE =
H AREA HEHE 7R e 2 W*} ‘7‘5}31 o]
AREAL 719 HY HE - &8stk @A
3 gF HXEE
HA

(2019)& AR
s} 8ol PRl At A= ks TE 54
st 3 dag el F L3kt oA e #olth B2

tlolElQl 24 tlolHE A &3t stk ol o] IDF#S 2t

Zlo], A=A HA Q3 ou|E 7HAE Tol9] IDF#k2 AAA &
o 3 A o} TE-IDFE-S TF#E IDFES #3 #HoE,

= AR TE-IDF#e] 55 22 79 &4 18 54

shAINE Zp ZAU el A o] WEe

Zkdo]l A E sl AHEE oS 7)8E gL

P2 (Deep Learning) 71¥oll 7]14F Word2Vec

3} Doc2Vec®] Ut 2013 = AT ©Hol ‘Qi

o
A
Sk 71H2 Word2Vec ©ojo] £2% ojn]&
sto] Tol S WHEZ XA ¢ l‘ﬂ(embeddmg)
3do 2 HEsle]
g do] g

Wajoltt. 574 Akl o] e

T 7IHOR ujF o FAb
A #E 3t AlA 7Pl w3 (mapping)
HHMikolov et al., 2013). Word2Vec?] 35 %

=]
pi

CBOW(Continuous Bag of Words)%} Skip-Gram

npo]de Ak =2 4
grE 1°lEi°ﬂH =A% JH
o ojn] 9l FE7HA|7} %
FEIE dd9 24 7
(Hearst, 1999). 44#< &H €



F7HA o] 9tk CBOWE FH Sl wo]
E& 7Hte 2 el @& o| =3}, Skip-Gram
B s 7ito g FH dolES o=
Fo}, o] A ¥ Word2Vec @52 A% JAE
Sotal Tl A ouE WE FHow
dslr] wieel E3R e £ B 9w A 5
20| 7}53kt} Yin et al.(2018)2 93} o] El<l
IMBD Dataset-e AH-8-8}o] AH&A7E 2H4 3 24
o] ZHXTE st d3tE Bk ol
o, gHo WE z+e F37] Y8l Word2Vec
71H& Aeate] g dwdE stk 93
OIS, M, ATAT B Word2Vee B
< 283 F3F FH A="ES AGsHATh
Yoon & Lee.(2018)2 ¥3} Hlo]E{<] MovieLens
£ AHEst] HA 9 wgdE ol B (2, B, Al
AAE 5)S A8 Word2Vee 7S &8k
B3t F A AR T ZH21(2019)
33} dlolEQ filmtrusts AREEF] AR&2} W E]
o F3} WEE YAk, AHEA WEE 49

% o n

¢

<

Lo

sHg

ol PHE o Sste FE Ed I3t HE
£ Y ol HH S oS3t FF LS T
A & F 2dS R ddste GE
A AAE 2dE ARbste dE 4 49
55 BAFRT ARl 5(2022)> Word2Vec
7IHE AMEEt B|l2EE WY sl HXE
FTAE #hs o] &3l FHshe daglss At
3F T

Doc2Vec2 Word2Vec2| &35
HIE| 8 F3ske Wld otk
™ 3 (paragraph id)7} 57} Ho] zF EA40
HEE who} A 2§ Tojxy mdof 713t}
Doc2Vec?] 85 ®WH-2 DM(Distributed Memory)
3} DBOW(Distributed bag of Words) 7] ¥ o]
ST} PV-DM(Paragraph Vector-Distributed Memory)

of Words)&= &4 Mz 9} &4 Ul dojES
23U A sk5S 3th AYF 5202008 A
2704 ElolEo] Doc2Vec 78S &-83ho]
2 1 EFsle 228 A3t
Ak o]EF 5(021)2 AR AN 7)Y =
oF AHGAE Fulgk dE A Eoll Doc2Vee 71
S AHgEte] 2 duEES A4S

B AFE 9¥ld 7I¥ F TF-IDF, Word2Vec
°] CBOW 71%3} Doc2Vec 71 A3l g
H dlolEdA FAERE Alatsta 4 dare
ol &3ttt

ol
oL
gt

>
oft
=
o
il
o o
2
>
rir
o
o

of

2
A
H)
o

>
EOE_{N
r (
JéEr}.ﬂ

£
o2

ol
o o
©
k1
off

2

Ot

ol
¥ e
D)
=
B

ry
=2
U
=

oX,
Y
S
o

w2 o rlo
oy
i

s
o o
=
2o
o=
o=
K
32
2

I o2
-
rr

ol

N

Jo

>
Ry
o

ik
ofo
o

o

o w M oRIM Mmoo
9'11‘
X,

i

_V[E 2 o
N o o
ttlo f%

o,

olf

2
2 o

ol
ol
-

m g o
e =

e
Rl oot

Toll A AlE

o]



Ofh
=
o
o]

R

oN
=
ox

Phase 1:
Data Preprocessing

Phase 2:
Similarity Extraction

Phase 3:
Recommendation Module

e
| Data Preprocessing
\

Natural Language Preprocessing

«)‘ Generate Top-N neighbor

User-Item rating matrix

&Jsevs with more than 10 rev]ews] [ Remove

Punctuation

J Calculate rating similarity
(Cosine similarity)

_ — 17
— — Items with more than 10 reviews Tokenization
Amazon.com
Rating & Review 12

Predict User Rating

Wl

— Remove
Stopword

" Dataset Split
\_ Train set/ Validation / Test set )

]
User Review Text
(TF-IDF, Word2Vec, Doc2Vec)

Calculate review similarity
(Cosine similarity)

Evaluation Metrics
(MAE, RMSE)

(Figure 1) Proposed Methodology Framework
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o] A7|(9)E °l&3t] FAIEE
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2ol IARD FAES
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similarity = cos (0) = £t _ -

_ 2?:1(7'11,1' ) ru,i)
g M7 I 2 2
?:1 7"a,i 21{;1 ru,i
(M

Tai= AHEAF a7t 33F o] Fog HH o),
Twie AREAF w7} AHE il Fogk o),

<Table 1> AMHEAME B4 JHolA FA}
A FAEE AMESE AFEAL 2He] fFAE o]

W CZ %73}

(Table 1) Similarity matrix between users

using Cosine

User0

Usert

User2

User3

Userd

User0| 1.000000

0.180702

0.16966

0.227550

0.094037

Userl| 0.180702

1.000000

0.164896

0.132997

0.134159

User2| 0.169667

0.16489

1.000000

0.112230

0.259890

User3|0.227550

0.132997

0.112230

1.000000

0.179507

User4| 0.094037

0.134159

0.259890

0.179507

1.000000

33. 2|7 HIO|HE AtSet ALEA} 2t FALE

Hipk

% GANA A GE 3
2 AHSAE 7o) 3
A A G

AHEARe 2 HlolH 2 RE FA

) A=
g

7
™
3

R EER
g wEse] A
ohe Bl A=

beg A4kstol

ok o, Mg el

PR HAE BLE AR
My ot Tk BaE

e e 2hEsheE W
nto]d 71\ % TF-IDF, Word2Vec & Doc2Vec
7IHE ARSI 72 2l el gk WE 3
FE] tig AMgAte] AAAH AEEE 9w
El=3

3.3.1. TF-IDF 7|42 A8t 2|R/ 7AIE &3

TF-IDF 7|2 o2 ZAlM 54
drp} Fa3k e el 7
W o]t} TF(Term Frequency) o7}
WellA drp S EAE YEE @] Rl
=& Yel= #el™, IDF(Inverse Document
Frequency)= XA EAI WA liF Tho] 573t
2A9] g5el GRA HMES Yehi golth
T AR FE o R AHESE TolE2] TF-IDF
o 1A T FAEZ AHges Wl
<Table 2>+= 2]+ HI°|E o] TF-IDF 7|H-& AH-
st T3k gH AR ol TE 3]sk
<Table 3> 2|4+ o] E{ol|l TF-IDF 7]'H-& AH&
sto] 24t AR B FAES 29T &%
H fFAE olH CTZ 3E7]%Ht

(Table 2) Similarity matrix between users
using TF-IDF

User0 User1 User2 User3 User4

User0| 1.000000 | 0.339334 | 0.355116 | 0.286543 | 0.401847

Userl | 0.339334 | 1.000000 | 0.412036 | 0.379414 | 0.381515

User2|0.355116 | 0.412036 | 1.000000 | 0.367379 | 0.422189

User3|0.286543 | 0.379414 | 0.367379 | 1.000000 | 0.338920

User4|0.401847|0.381515 | 0.422189 | 0.338920 | 1.000000
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(Table 3) Extended similarity matrix between
users combining C and T

User0 Usert User2 User3 Userd

User0|2.000000 | 0.520035 | 0.524783 | 0.514093 | 0.495884

Userl| 0.520035 | 2.000000 | 0.576932 | 0.512410 | 0.515674

User2|0.524783 | 0.576932 | 2.000000 | 0.479609 | 0.682080

User3|0.514093 | 0.512410 | 0.479609 | 2.000000 | 0.518426

User4| 0.495884 | 0.515674 | 0.682080 | 0.518426 | 2.000000

3.3.2. Word2Vec 7|8 2 Doc2Vec 7|HE
AIZst 2|7 FAIE &3

E Ao A= Python Gensim 37| A& AL

3] Word2Vee, Doc2Vee 7S 2183 2} 2
e 7He FEA o Word2Vec e Tojo ou)=
4 WEIE sl 7IHelth olu ofn|7} vl
o= HWE] FAEE FARH, o7t B vl
=9 fFAIEE HoA A ShEdtt Word2Vecd]
o] 13 HW)o= CBOW(Continuous Bag of
Words)$} Skip-Gram®] &A1t} CBOW+ Xl
U Tofol] QJIFT T ES Fall orlE T
= Wlolt} W E, Skip-Grame FZtl 9l
= goES B3 =W Do]ES o =5l u
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= WOl‘dZVeC-"]' 2 &4 AAE e s
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7Fs4d @.?(PLS Purchase Likelihood Score)=
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PLSa,L - T'a + 22:1 Wa’u (2)
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(Table 4) Notations used in This Paper

Symbol Definition
C The similarity using rating value via cosine similarity
Single T The similarity for review contents using TF-IDF
Similarity W The similarity for review contents using Word2Vec
D The similarity for review contents using Doc2Vec
CT The extended similarity combining rating value(C) and TF-IDF(T)
Extended L . .
.X ?n ‘.3 Cw The extended similarity combining rating value(C) and Word2Vec(W)
Similarity
CD The extended similarity combining rating value(C) and Doc2Vec(D)
The algorithm of using C on the neighbor group generation step and using C on the
Similarit cC . . .
imilarity recommendation list formation step.
used step by
step TT The algorithm of using T on the neighbor group generation step and using T on the
- recommendation list formation step.
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Abstract

A CF-based Health Functional Recommender
System using Extended User Similarity Measure

Sein Hong" - Euiju Jeong” - Jaekyeong Kim™

With the recent rapid development of ICT(Information and Communication Technology) and the
popularization of digital devices, the size of the online market continues to grow. As a result, we live in
a flood of information. Thus, customers are facing information overload problems that require a lot of time
and money to select products. Therefore, a personalized recommender system has become an essential
methodology to address such issues. Collaborative Filtering(CF) is the most widely used recommender
system. Traditional recommender systems mainly utilize quantitative data such as rating values, resulting
in poor recommendation accuracy. Quantitative data cannot fully reflect the user’s preference. To solve
such a problem, studies that reflect qualitative data, such as review contents, are being actively conducted
these days. To quantify user review contents, text mining was used in this study. The general CF consists
of the following three steps: user-item matrix generation, Top-N neighborhood group search, and Top-K
recommendation list generation. In this study, we propose a recommendation algorithm that applies an
extended similarity measure, which utilize quantified review contents in addition to user rating values. After
calculating review similarity by applying TF-IDF, Word2Vec, and Doc2Vec techniques to review content,
extended similarity is created by combining user rating similarity and quantified review contents. To verify
this, we used user ratings and review data from the e-commerce site Amazon’s “Health and Personal Care”.
The proposed recommendation model using extended similarity measure showed superior performance to
the traditional recommendation model using only user rating value-based similarity measure. In addition,
among the various text mining techniques, the similarity obtained using the TF-IDF technique showed the
best performance when used in the neighbor group search and recommendation list generation step.
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