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ComputeUserTagPreferenceMatrix(U, k, A, D, S)

input
U : total user list
k : size of KNN
A user-tag matrix
D :user-user similarity matrix : r X r
S : (empty) user-tag preference matrix : r x m

01 set all elements in matrix S with 0
02 for each u € U
03 // get KNN of each user

04 for i <= 1 to r // r is row count of matrix U
05 add D,; to itemset KNN

06 for each 0 € KNN

07 if 0 # among the k largest values in KNN
08 remove o from KNN

09 // compute user-tag preference matrix S

10 foreacht € T

11 for each 0 € KNN

12 Su,r <~ Oyt T (Ag,[ X Du,o)

3.2 Lio|E H[O|X|et

#3

EFXIE 0/=¢t of0IH

TAE TR Ha A3 CTSE olr H|o]x| et
-5 2}F(Naive Bayesian Classifier)2] &9 1
Ho 7 olo|ele] gt M3 E o =(Sahami et al.
1998)8kaL o3 gho] 7HE =2 A9l N7iE] of
ol ¥l-S AF$]-N F(Top-N Recommendation)<-

=3 FZ(Deshpande and Karypis, 2004)3+c}.
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Recommend(u, w, N, Ly, S)

input
u - target user
w : size of CTS
N :size of Top~-N
L, : items not rated by user u
S :user-tag preference matrix

output
TopN, : recommended itemset to user u

01 // get CTS of user u from user-tag matrix S

02 fori < 1tom// mis column count of matrix S;
same as one of matrix A

03 add S,; to itemset CTS,(u)

04 for each x € CTS,(u)

05 if x # among the w largest values in CTS,(u)
06 remove x from CTS,(u)
07

08 for each iy € Ly

09 // calculated by equation(5)

10 add NaiveBayesClassifier(u, CTS,(w), iy, @) to
itemset TopN,

11

12 // recommend Top-N items to user u

13 for each z € TopN,

14 if P,z=0 V P,z # among the N largest values
in TopN, then

15 remove z from TopN,

16

17 return TopN,

S
>
op
>
<

o e o gk e wAel o
CTS, (W= FAgth CTS,(w)]
FH0 ol Mol B

A"l A &1
A e A A U
£ Jaks) AHgA b
A% B DE FEAT o ALgA 7ke] fA}
7 g0l g AbgAe] HEEE
SE TE) o] TEE B s

kol = 83% Sel EHZL < 95 %kol s

<LDE|F 3> A FH ALH 202(F

RecommenderSystemUsingCollaborativTagging
01 // generate user-user similarity matrix D
02 for each u € U

03 for eachv € U

04 ifvo#u

05 // calculated by equation (3)
06 D,y < sim(u, v)

07

08 // generate user-tag preference matrix S

09 ComputeUserTagPreferenceMatrix(U, k, A, D, S)
10

11 // recommend items to each user

12 for each u € U

13 Recommend(u, w, N, Ls, S)

4. A

02

% @t

B A= Adtshs @94 A o] &3 o
W 71, 71 AREAE 719ke] A o3t 7)Y
(Sarwar et al. 2000), o}o]&] 7|4kl HAH o3}

713 (Deshpande and Karypis, 2004)S 23] 3}o]
7} 3 A 2=jlo] o]} 7| 5] s Hlalskal

Alket= 71l sl sl =3k
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Abstract

Collaborative Tag-based Filtering for Recommender Systems

Cheol Yeon' + Ae-Ttie Ji" - Heung-Nam Kim"~ - Geun-Sik Jo

Even in a single day, an enormous amount of content including digital videos, posts, photogra-
phs, and wikis are generated on the web. It’s getting more difficult to recommend to a user what
he/she prefers among these contents because of the difficulty of automatically grasping of content’s
meanings. CF (Collaborative Filtering) is one of useful methods to recommend proper content to a
user under these situations because the filtering process is only based on historical information about
whether or not a target user has preferred an item before. Collaborative Tagging is the process that
allows many users to annotate content with descriptive tags. Recommendation using tags can partially
improve, such as the limitations of CF, the sparsity and cold-start problem.

In this research, a CF method with user-created tags is proposed. Collaborative tagging is
employed to grasp and filter users’ preferences for items. Empirical demonstrations using real dataset
from del.icio.us show that our algorithm obtains improved performance, compared with existing works.

Key Words : Recommender System, Collaborative Tagging, Collaborative Filtering, Recommendation,

del.icio.us

* Department of Computer & Information Engineering, Inha University
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