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Using User Rating Patterns for Selecting Neighbors in Collaborative Filtering

Soojung Lee*

Abstract

Collaborative filtering is a popular technique for recommender systems and used in many practical

commercial systems. Its basic principle is select similar neighbors of a current user and from their

past preference information on items the system makes recommendations for the current user. One of

the major problems inherent in this type of system is data sparsity of ratings. This is mainly caused

from the underlying similarity measures which produce neighbors based on the ratings records. This

paper handles this problem and suggests a new similarity measure. The proposed method takes users

rating patterns into account for computing similarity, without just relying on the commonly rated items

as in previous measures. Performance experiments of various existing measures are conducted and

their performance is compared in terms of major performance metrics. As a result, the proposed

measure reveals better or comparable achievements in all the metrics considered.

» Keyword: Collaborative Filtering, Recommender System, Similarity Measure, Entropy

[. Introduction

#2 "E¥(collaborative filtering, CF)< F3 A|AH
(recommender system)®] F& & 71424 @4 AGA
A g S85o] Mulasal gtk e AJAEle] FRAL
A, 5o, g3l T TSt oA AMgAlEe] A3
eSS FHUToEA AA HoE AlFs= Aot
CFel 9= v} 2tk Alag AREA7}E A Bokd 8
Sofl st BE 37} 7|15 BaE, vk 244

4)
Qi Azslolehe ALgAte] 285, SAFA
o

¢
X

3}

T

=

ot

A
7 ok 3 AR AR ALE] H&
P FEES FHS ol WA Ves
HELE ™ (user-based CRolgta a1, A7
37 715S olgsttE Held B o wEg W
(memory-based) A|Z=Elo]2lal H&2
YEe 7|9t CFE Fdske EoE
il

(item-based) 7]&2 42l9] & x| 4

N

s =
O,
ol
)
Jf
N
=

ook
I
il

XN
ﬁ
> L o
2
2
T e
(2 o
Moo
:1” T
)]1
roih‘ i:
oot
o
W
2
>
o
>~
>
oo
_>|i
=
o ‘;11.(‘

oo oE
o
fetl
ol ]
>,
o
>
1o,
EL
N
N
=
5
i
Ruf
=
oot
1
2
=
=
o,
N
X
=
3

& 87

Al chah

o sk

ox &2
= F

o
)
1o
§2
rlo
re
-
N
X
o,
i
s
2
Yo
[
>
&
Y
N
=
O
s

Al 2Elof| Z%

AR AREARE Sl 3 Aol meh AlaEe] e &
$E el §igk webs] 7)E ATl vk fARE HE
9] JiE Slal B mEo] ASEH A=, o] 52 AA
7luke} WE ZARRL Vwkez BRETH[2](7][8]. HAke]

2l
tlo
Sl
kv

0P

>~
=

A= (cosine similarity) 5°] It} o5 A EELS AL
o] HIPNES AR st AA Al2RES gl b
GEES FHHE S| wiEol, 2+ AFEA 7 H7) )

Ao wg Hold A IR A4} AEAES T

i o
Jo 4
i1

=)
=

B o o K 2 i
i g 2
W0 rlo

she e ofele doldt
A S A BAHES Sash] s,

* First Author: Soojung Lee, Corresponding Author: Soojung Lee
*Soojung Lee (sjlee@ginue.ac.kr), Dept. of Computer Education, Gyeongin National University of Education
* Received: 2019. 07. 29, Revised: 2019. 09. 02, Accepted: 2019. 09. 03.



78 Journal of The Korea Society of Computer and Information

o°
T
=

w o g
% @ o 2
)
et
oX, 0150
off o

ol
2
4

[I. Related Works

N,
i
1o,
fqg
bt
D
bt
il
rlo
=N
HU

T AR 3 3k
Tr’\P:E A7 wiEel,
FAEZE A&
i‘:}[9][10 olglgh A
data sparsity wA1[2][6

=
=
) %o}oq FEYR
%

otk

S o Moo ookl
nﬁmmg"o}mm
o, _hoﬂmln
N N2
o ¥ oo
ﬁg_ﬁfﬁf
; T o =
.‘Ew N«
t—Frm—r'O_u.‘
o £ N
ﬁﬁr_\-_\‘_lﬁ—ﬁ,
%Hﬂnimlom
mlo 2
rE::Loé%
rﬂigz?
O i
m{o ok
i
o=
_?L

il
oX
T =
P
e
urt
o
T
E
S 2
> o

7];(]—
]T(J accard

N

_>|i
o
Lo
fi:
( H-T
s
[o
2
N
e
Q,
-
iy
o,
2

Coefficient)[12]7} 7= A=), o] o3l +

A H7Ple gy 253759 H]E% UEL stct.
[13]1¢] ATelM= A= Alrst AE4 frAE A

TR0l (mean squared differences)s A3 A

T AHEE ARkl 71 vls) Aol %@Q%‘lu

3keltt. [14]19] AFollA= A= A & NS

o,

N

o Mo

o] =

>~
=

f84
]
T
H
=]

(s

o il

]
Ll

11
|

ol
o

Ae] &

e, 7SS FA4 #Eg H]TZ] A gz deE 4
Fa7] sl ARSIk gk Lee® H7HA] AR A=
ATE 27 B2 Allste] Ao wy 71E Ao As
S WA ARE BaEglrH15].

hA 71 AR AERIE &8st FARE 549 A
e FdhEs A77E ARSI Lisk Zheng ¥]o]=
Foest dERY T8 AYste] fAEE SAATH 6]
Wang 9] 2919] A A% AREAL AERT] 9 s Aol &
yloj& ARl At 17]. Kwon 9] 3912 F AR&-A}
o] AERI] zpo|gte] JE 715 HEAR] fFAE Ak
e AAE A=, o] gk 1 ] frALRR AT R
M, ERI] zpo|7} AE55F FANEF AXE A0 ot
ATH18L [19]0M = A& AERSE &8a1A] @i, 2t
ol Frolgl YA EEA JAERTE Fato], AEZT o]
aeE e JIHRHES FAE SAl &8 oRM, 74 =
of tigh HA F7HHEe HEs whdate] HEH AR H=
o] 5 FE ERSS

9o} e A5 BF FUHS ARE FelaEaH dE
713} Agste] s NS ddate sigl o, 4 AREALe]

[1l. The Proposed Scheme

1. User Rating Pattern
FAREAL 7H] FANE S-S ffste] AlRE S 7 AL
Ape] BrpA] Hof sfES FUHA o ® gg-gitt o]y g W
AEAQA FAE 54 W o
BrpA| e Ao ofEd A ghornE 53 FFHIE
3}

828 A0 SE FAR) AHEE PPN &

dim
ol
ol

&
_VE
o \Xx,
é <
o
rE
o
ol
ol

moll Al oleiTt. webA,

A8 A e T s

At el Gu awi
7_'
222

QAR Pk, AR doll A gk J7kx] W9 del
A AHEATY 7F BIMAE F-eldk SEoln, F HAlE ARA}
F-ogk HJrpxEe] AEZ T o|t],

OF 12 A AFelA gy 8= Jester HloJEA

(http: //elgentaste berkeley.edu/)ol A =43 2} AR&-ale] 3
71| IERF| o]}, o] dlolEAle ~10.048 +10.074]9] 4
T JMX] A5 AL, AERY ALEE $18ke] &
F e e oligtes wEHste] AEsigitt. 1gddA
1000%99] AHgAHES] IER = vl FHSHs EEs of
N & Utk webA, ofeld ARE } chﬂ] Hlkod
b M= gE ARSARe] W7t et AR
o] 711 = gleejet ek

of,

entropy of user ratings

user no.

Fig. 1. Entropy of ratings of each user

2. Formulation of the Proposed Similarity Measure
A M= Aol A 7]t AR 7EA] d|lS AR
Aoty olo] L3k 2% 7|55 oul= F 1o AAEISIth



Using User Rating Patterns for

Selecting Neighbors in Collaborative Filtering 79

AHEAE AR S AR A 249 2 B 98
& ofefe} ek AREAL w7t F-od gk A FINFE FollA
A 1 Rojeke e

iEIlr . =7rY
PR“ (’f‘) — { u \ }
' [{i€Ilr,, = NULL}|
Table 1. Notations and descriptions of symbols

notation description
ro Rating of user u given to item i. If i is not rated,
u,2 NULL is assigned.

I The set of all items

1, The set of items for which user u has rated.
Tiin The minimum rating allowed in the system

T ax The maximum rating allowed in the system
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V. Performance Experiments

1. Preparations for Experiments
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Table 2. Characteristics of Jester dataset

Matrix size (usersXitems) 998x%100
Rating scale -10.0 ~ +10.0
Total number of ratings 70,502
Number of ratings per user (average) 36~100 (70.6)
Sparsity level 0.2936
Recommendation threshold 3.0
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Table 3. Mean Absolute Error (MAE) of the methods for varying number of nearest neighbors
5 10 15 20 25 30 35 40 45 50 55 60 65 70
MSD 3.403 | 3.349 | 3.334 | 3.329 | 3.325 | 3.323 | 3.322 | 3.322 | 3.321 | 3.321 | 3.322 | 3.324 | 3.323 | 3.321
JMSD | 3.582 | 3.456 | 3.416 | 3.393 | 3.383 | 3.374 | 3.367 | 3.361 | 3.354 | 3.352 | 3.349 | 3.347 | 3.346 | 3.344
KWON | 3.957 | 3.829 | 3.775 | 3.74 | 3.719 | 3.701 | 3.685 | 3.674 | 3.662 | 3.654 | 3.648 | 3.641 | 3.635 | 3.629
URP-A 3.387 | 3.326 | 3.314 3.305 3.302 3.3 3.3 3.305 | 3.302 | 3.304 | 3.305 | 3.305 | 3.305 | 3.304
URP-B | 3.388 | 3.338 | 3.316 | 3.318 | 3.309 | 3.308 | 3.308 | 3.31 | 3.311 | 3.312 | 3.314 | 3.313 | 3.311 | 3.31
URP-C | 3.587 | 3.446 | 3.41 | 3.388 | 3.377 | 3.367 | 3.362 | 3.355 | 3.35 | 3.348 | 3.343 | 3.342 | 3.341 | 3.339
Table 4. Normalized Discounted Cumulative Gain (nDCG) of the methods for varying ranks
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16
MSD .800 | .807 | .817 | .829 | .838 | .850 | .854 | .859 | .863 | .869 | .873 | .877 | .883 | .885 | .890 | .892
JMSD | .792 | .800 | .809 | .820 | .830 | .843 | .845 | .850 | .853 | .861 | .865 | .869 | .875 | .876 | .882 | .886
KWON | .761 | .770 | .779 | .791 | .804 | .817 | .820 | .826 | .830 | .835 | .837 | .845 | .847 | .853 | .856 | .864
URP-A | .800 | .809 | .818 | .829 | .839 | .851 | .856 | .861 | .864 | .871 | .874 | .878 | .883 | .885 | .890 | .892
URP-B | .803 | .807 | .819 | .830 | .840 | .850 | .85 | .860 | .864 | .870 | .873 | .878 | .882 | .885 | .889 | .892
URP-C | .791 | .798 | .807 | .821 | .831 | .843 | .846 | .851 | .854 | .861 | .866 | .870 | .875 | .877 | .883 | .886
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Fig. 2. Recommendation quality of various measures
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