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A Collaborative Filtering-based Recommendation System with
Relative Classification and Estimation Revision based on Time
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Abstract

In the recommendation system that recommends services to a specific user by using the estimation value of other
users for users’ recommendation service, collaborative filtering methods are widely used. But such recommendation
systems have problems that exact classification is not possible because a specific user is classified to already
classified group in the course of clustering and inexact result can be recommended in case of big errors in users’
estimation values.

In this paper, in order to increase estimation accuracy, the researchers suggest a recommendation system that applies
collaborative filtering after reclassifying on the basis of a specific user’'s classification items and then finding and
correcting the estimation values of the users beyond the critical value of time. This system uses a method where a
specific user is not classified to already classified group in the course of clustering but a group is reorganized on the
basis of the specific user. In addition, the researchers correct estimation information by cutting off the subordinate
10% from the trimmed mean of samples and then applies weight over time to the remaining data. As the result of an
experiment, the suggested method demonstrated about 14.9%'s more accurate estimation result in case of using MAE
than general collaborative filtering method.

Key Words : Collaborative Filtering, Recommendation System, Clustering, Reclassification

1.8 2 T Alzglo] duteA s girk ofs e 3 A
2ol ARgEE tEAel e e 71 JEd, T
o5y gue] Fe ahRst A lsiedor sol S/ AHA, A A Sol gon, o 7 Uk
Ui glom o]ejd AR = okde] AR Zohj= 7o wol ARES = Wale] YA AE el d94 FHY
Fad sHAolth. olelg BAE s it kgt AFEAEe]l ke Auls das 2] Hstel e
o] 9 AMERe BAMsla wrbete] Aol AR 2§ 5ol W7 FEE T s AEEE wBole AR
GE FAPdE Zohjo} dlSshs W el ey 4

Alz=glol A AREAES e WS ol

=LAt 02009 9 10€
2= U X}

5 ]
004 28 16 of 54 ALEATF R 43 BRHA 2

189



St X SAIA- S =&X] 2010, Vol. 20, No. 2

o Gtk EF BIHEES ALgAe] AbA wgle] et 3
Aol ek B A5l on] Qi Auw ol gd 4 8
97 WS o2 So} AHEAT} 12409 the] 2 U}
2 Qol'vhs 938 B T YIS FArkw A, A
847k 104e] A 2406l thl BohE A [0S
wol= 10tel B7he Hokgkat A3 b 4 elrks Aol

[e3

o

=
AL e Aol SR, 54 B4R Ao
S RRaE S ST, Ten BHEE T

ARgARe] P77
2ol Al Bi W A FesEY B4 |
A4 whee) AAe AAE e FInE gy,
AHATE, 3FA A= A SrE
1= A3 2 J71e W8-S 71<59
Je]al v e e 2 5= A&l lste] Asith

o

dl(Recommendation System)S =3k <
1 AREARS] Aol BhFeo] FA o] Au|2~E F
d &3l AlAES ‘Q?&D}U].

AukAlel F3H Aj2®" S zAgshH ol 1y
2ol 8T F JuH2H 1] AA B2 g HolEE|
T H| 5] tolEE Eo= WHolE ALE
27y AR Frkeke d¥ske AFA i AMgAEe] T
ujsk 7] 2o} AN F= o] 83}= 21_7147@ HhHo] i)

olsh e WS olgate] FAALYE A ANE B

el Clustering Filtering Recommendation Becemmendation
Data System

User)

N

SERNE SRR =

Fig. 1. Recommendation System Structure
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Table 1. Valuation Items
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Table 3. Relative Classification
A o] 5
1 ~21
2 22~27~31
3 32~37~41
4 42~47~51
5 52~57~61
6 62~
3. AMlZHE WslE T3 MulA EH
NESS
AFEAEC] HAdgE aFe] RFEA KA AFEAR

Meh} Agkel WSHE welelA] we ARES BT

qeket Ase 2z 4 9o,

¢

o v
z 8 o
4z

B Rt 54 ASAE FHOE & YU BF
P 48T FelsuYn Wrkgel oAE ngse A
4 9 AN FEH BUYL o8 FA N9
AT ALATE sk AHI2E FA 0] 9% 24
= ohgat gy 2l

|4 F7hae s A AMuj s FH4E ofF gt
Clustering Managerol A+ AFEALE 7|02 BEH
st AdlA ERUHS ARES.

@ Pre-Processorol A= Abgxle] #H7gts AER
Tste] 7HEAE Ttk

@ Filter Manager+ 7}eX3 J#AATE o83t
AFEE F8kaL o] & dA T

(® Post-Processor®} Recommendationol A& A3 s

Tk 1 ghS o] 8sto] ALEAI A dute ARG AH] X

Eisd

o
O 2z9lo] ol ALg-2H= Valuation Managerol| A AF
@

AUH 25 UL AlZhol 2 gty Ede X E

Ok

MEe WA Leld Jlu 25 AlaY

ﬂ{ User ‘

E Valuation Clustering
| Profiles Manager Manager
> !

——*

‘5‘7!a Pre-Processor

Eﬂ%/ __FiterngManager__j———

T Post
| Processor
Item s
DB l

L,
Recommendation
o1z 43

agl 2. A" Fx
Fig. 2. System Structure

3.1 Etglel 3R

AREA HIbe] AREEHE dlolEWlol A TR
Movieslens dataset®]t}. Movieslens dataseti= WU|AE}
tete] Computer Science and Engineering #-&2
GroupLens Research groupollA 932 2 & =75 537}
g dlojgHlo] Lot} o] HolEMo]AE AREAF ID, 3
ID, H7kgk 28]l AREA} 7 AlZte 2 A HTh

# 4. AHA+ 371 DB
Table 4. User Valuation Database

user id item id rating timestamp
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Table 5. User Database

user id age | gende r occupation zip code
1 24 M technician 85711
2 53 F other 94043
3 23 M writer 32067
4 24 M technician 43537
5 33 F other 15213
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