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Soojung Lee*

*Professor, Dept. of Computer Education, Gyeongin National University of Education, Anyang, Korea

[Abstract]

Collaborative filtering is one of the most widely known implementation methods of recommender
systems, which recommends items that similar users have preferred in the past. Therefore, similarity
measurement is a very important factor that determines the performance of the system. In this study, in
order to solve the shortcomings of the existing single or integrated heuristic similarity measures, the
genetic algorithm was used to calculate the optimal similarity between users per item genre. In addition,
in order to solve the data scalability problem, the number of users for calculating similarity for each
genre was limited according to a preset threshold, and the average of the ratings of the items was used
to solve the data sparsity problem. Through performance experiments, the optimal probabilities of the
genetic operators were obtained and the prediction accuracy performance was analyzed. As a result, it
was confirmed that the performance of the proposed method was superior to the existing methods,

especially in a sparse data environment.

» Key words: Similarity Measure, Genetic Algorithm, Data Sparsity Problem, Data Scalability Problem,
Collaborative Filtering, Recommender System
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II. Related Works

W2a] 7]9k CFolq QALE éé% & ARgAtel AR
0]$-5S 1511 o|SEHE] A 2AEZ 7] 95t A
RI2A] AJAE Ao 2 gFFS n]x]T o] Bofo] sHAl
A1 =A] & shltolch ARRAR-EHE d§(user-item
matrix)& 7|9F0 2 HIIA|o] Rt ALGAL 7t EE S
9] fAPIS ARRICE olme] g Wyl e g

el ARl Bt A4t vl gat aRg 74 52 sl
st O ZFeskal AliAoleks S7Jo] ATH2][7].
AEH SALE A WoRA mojd A
(Pearson  Correlation),  FA}Cl  SALZ(Cosine
Similarity), =X F&A}o](Mean Squared Difference),
AZte SAt=(Jaccard Similarity), $Z2]& A

(Euclidean Distance) 50| AMRE|QIOoU, o582 F&2
S&o8 PR &= Lol YES Alp=A, 8]4gh ¢o]
B oM 2 5ol Alskd 4 . o]o et o] &
< ot /et YREE RS JATHLB)7IE). &2
Abdalla 9] 4912 7|5 WS A2 ALgsts 790
2AI2 ai2sk] sl APLE Aot T2 QAlE YHME
B YL ARSHCS). W= fatee) ofef o

T JWEE =t Bag & 291> ¥ AFEE A
E% AQFstiaL, ol= —V Clol8 oA AFEALY] &

_IZE

Ne wnelae WErfIAE Agoz, A7) de) A
st 33 ol ARdow FMsle 9 wyow CF
A7o]l EQEYCHIN2. o5 F 88 Luels



Optimizing Similarity for User-based Collaborative Filtering 245

(Genetic Algorithm, GA)2
H 718 & shyoltt. moje At HE IARI FALE
o} 7ro F obpdx] Oty AT 2 ALRSIA] OFi AFRA}
1o} AA9] fALE 2 Akt ] sl /4 FadlE=
A7 uoto] AHEQCHI3|14]. S5] (1304
5ol o5 281} H“O] 71&0] Hlsf 30~40% F

CF Al2&of 7P Eol &&

o) 23 228 Wik 9 H
e A= AE=HI16], +A1A
7] oJo|A SxpAgol 7tk ;\}% (4
a2]1 o5 F7IxIe HAlE 1%
[171oM= 289 &= 2|AES £

Q4 9 B e A 94 oA el
S HA] FALES A AefstH oA] o5
2K Y5 20 o] £ 2n
5|xizke ke o] obd T2 BHow F84
A=ERl=, (1819 AolMEs AT =

1ot 2H0) AR8AH FRiAEPYS Bat] Sl
A duelse BT =3 [19)0) Apoi: At
sF AR} AlSHS 7]H]—i ARGIAZT 9l &H29] 512
—,E

F=o tigh dI5E de Vles

>~

OlI

[e]]

o L

RSt ol 7 8k 159] AEAPL 5HY 72011
e = ote] Al thet s wrt vlSsitt= 24
off 275te], 07t F=ofl tieh Bk ciFsl] Sl
FUUAPE =2 AR st 252 AdEsks O
g e gAsRH. fARE ﬂol(smﬂarlty

transitivity) 7139 AJdE ot A =
sF A= AL =T, [20]0M = SAHTY UHS
[e] Z

E5) BAstst O}\}HE LEj2st 5 ARG Wb AAZF
S &8slo] 0|2 HMo| QAo ThF|Eo 24, F|As}
2 2 g tigt 3-8t S2M e 5 4
YRS 78 JAV AolE ARttt [21]001A = 7]
z0] A PRl ARRE  F ﬁi}(pamcle swarm
optimization)Q} Z-2 Xlst 42|55

S FYA7I7] sl oA LduelEe IHL% Eﬂ =7

=
5o Mg AT RIS PPots PHE X

fetsisict. olot

2ol §31 LIAFS Cht Ao o
NSRRI

o), gAtEo] HH2t ¢} AHET o ThS £2 7
o= motolct,

III. Proposed Methodology
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IV. Performance Experiments

1. Experimental Background
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Table 1. Description of datasets used for experiments
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2. Results of Experiments
2.1 Effect of Genre Rating Frequency Threshold
2 Aot ol e ALgAte] 54 2o oig W7t
S(GRF)7E wowl ol ALgAlE 3 ”EOH ghat Yool
QR ol TAEA BjHBtEE, GRF UARIY] A3
H?ﬂ o

Jo AAR o] Fast oY it}. Tepd,
Al Ykl HE 95 B ugE i

g 12 MOVleLenSE %%ﬂ ¥t GREF AR
A

2 45 BUE YEdG. IAIRIZE 091 -X(TH=0)0]
= 7P £8 MAES Bt} o]= ARZAL 7F QAME AR

SAPE {171 twolt, St olf2 A
Oﬂ’i e UfOPiiE}. AR A=
AfolE Holet], ol AR A=

AR5 = A o]RS0l YrEA] A AREAL] 1
Bt Y52 B7RIt= 2A0] 9] fizolt. ol2gh A
g ZAnE vfger 2 A9 A7loA= MovieLensof
tigt GRF UAIRIS 0.052 A5

_>L
@
=J
]
oS

Wr 0wt 2 0 o o % oz B
Qi) ofeal A1E iero2 GRF QXIS 0052 4

Astect,

)
TH=0 -~ TH:
Tl
TH:

PR 6 & @
=0.15 —e— TH=0.30 —o—]|
=0
=0.
30

TH=0.05 20+

072 LTHE010 —A— —i— X . 4 d |
10 20 40 50 60 10 20 330 40 50 &0
number of nearest neighbors number of nearest neighbors
(a) (b)

Fig. 1. (a) MAE and (b) coverage using MovielLens
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2.3 Comparison of Performance Results
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