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Currently the mobile web service is growing with a tremendous speed and mobile contents are
spreading extensively. However, it is hard to search what the user wants because of some limitations
of cellular phones. And the music is the most popular content, but many users experience frustrations
to search their desired music. To solve these problems, this research proposes a hybrid
recommendation system, MOBICORS-music (MOBIle COntents Recommender System for Music).
Basically it follows the procedure of Collaborative Filtering (CF) system, but it uses Contents-Based
(CB) data representation for neighborhood formation and recommendation of new music. Based on
this data representation, MOBICORS-music solves the new item ramp-up problem and results better
performance than existing CF systems. The procedure of MOBICORS-music is explained step by step
with an illustrative example.
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1. Introduction spreading more extensively. Among this fast growth
of mobile web conterits, the most popular contents are
Recently as the wireless devices have been dis- mainly multimedia contents like music, character im-
tributed very rapidly, the mobile web service is age, picture and etc. Especially, the music contents
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take a very large portion in the mobile content market
(Korea IT Industry Promotion Agency,-2003).

In spite of the popularity and fast growth of
music contents, many users experience frustration in
searching for the desired music because of a sequen-
tial search process. When a user logs on to a music
service site with his/her cellular phone, the user is
presented with a weekly or monthly best-selling or
newest music list. Then the user searches through the
list and he/she might select an entry to inspect. If the
user liked the music, he/she might éave it in his/her
cellular phone, otherwise, the user should repeat the
same steps until he/she meets the desired music or de-
cides to quit purchasing, [Fig. 1] shows the current
search process in a Qellu}a: phéne. ,

. However, the current search process takes too
much time and effortsearching for the desired music.
This difficulty results from limitations of cellular
phones such as small LCD, tiny keypad, and sophisti-
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cated browser compared to PC. Furthermore, users
had to specify their preferences related to the features
of music such as title, singer, composer, and genre. It

would give much burden to them because the features

 are hard to be described obviously. As a result, se-

quential search process, limitations of cellular phones
and difficulty of explaining music content make both
content providers and mobile .users' need recom-
mender systems,

The recommender system is designed to assist
users in finding the items they would like to purchase.
Collaborative Filtering (CF) is known to be the most
successful recommender system and has been widely
used in a number of different applications. Nevertheless,
the existing CF systems have several problems such
as sparsity, scalability, and new iteni .ra}np-up
problems. There are a large number of researches for
the sparsity and scalability problems. On the other
hand, the new item ramp-up- problem has not been
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[Fig. 1] The current -search process
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solved yet. In mobile web environment, new music is
frequently supplied, and their purchasing ratio is con-
siderably high, therefore music recommender sys-
tems need to solve this new item ramp-up problem.

This papersuggests a MOBICORS-music,
MOBIIe COntents Recommender System for Music
to recommend multimedia contents for mobile Web
users. The basic idea of MOBICORS-music is CF,
and it adapts contents-based (CB) filtering algorithm by
representing items in feature space. MOBICORS-music
finds neighbors using both the web log information of
music and their featureinformation. As music is rep-
resented in the feature space, individual user is also
represented as a cluster in the feature space because
the user is related with his/her purchased music or
pre-listed music set. Under this situation where music
and user are represented in the feature space,
MOBICORS-music tries to solve the new item
ramp-up problem.

The rest of the paper is organized as follows. In
section two, recommendation systems and the
music features are explained. In section three,
MOBICORS-music and its recommendation procedure
are presented. The step-by-step explanation of the
procedure of MOBICORS-music with an illustrative
example is presented in section four. Finally conclusions

and further research area are provided in section five.

2. Related Work

2.1 Collaborative Filtering

The recommender system is one of the possi-

ble solutions to searching for individually preferred
contents from a large-content database. A recom-
mender system is defined as a systemn that assists cus-
tomers in finding the products or contents they would
like to purchase.

CF is an information filtering technique that
depends on human beings’ evaluations of contents. It
is an aftempt to automate the "word of mouth"
recommendations. It identifies customers whose
tastes are similar to those of a given customer and it
recommends contents those customers have liked in
the past. In general, CF-based recommender systems
make recommendations according to the following
steps [3): (1) A customer provides the system with
preference ratings on contents that may be used to
build a customer profile. (2) The system applies stat-
istical or machine learning techniques to find a set of
customers, known as neighbors, who had in the past
exhibited similar behaviors. A neighborhood is
formed based on the degree of similarity between a
target customer and other customers. (3) Once a
neighborhood is formed for a target customer, the
systemn generates a set of contents that the target cus-
tomer is most likely to purchase by analyzing the con-
tents in which neighbors have shown an interest.

Although the CF is the most successful rec-
ommendation technique, it suffers from the fol-
lowing shortcomings. First, when there is a
shortage of ratings, CF suffers from a sparsity
problem [3-6]. Most similarity measures used in CF
work properly only when there exists an acceptable
level of ratings across customets in common. Next,
CF has a scalability problem. This problem could be

generated due to the rapidly growing users and items
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(Kim et al., 2004). When CF system finds neigh-
bors, it spends too much computation time, and
scales poorly in practice. With ten millions of users
and items, a typical mobile recommender system run-
ning existing algorithms will suffer serious scalability
problem (Sarwar et al., 2001). Finally, CF suffers
from a new item. problem [4,6]. Since CF recom-
mends an item based on customers’ ratings on the
contents, it does not recommend a newly introduced
contents until some ratings of the contents become
available. The new contents problem becomes even
worse when the turnover rate of contents is high.

In attempts to address these three inherent
problems of CF, researchers have proposed many
variations of hybrid approaches that combine CF with
other recommending techniques [4,5,6]. Despite their
success in other applications, little of the previously
proposed hybrid approaches can be an adequate sol-

ution for new music recommendations.

2.2 Content-based Filtering

Content-based (CB) filtering systems (Lang,
1995; Pazzani, Muramatsu & Billsus, 1996; Mooney
& Roy, 1999) identify properties associated with the
contents of interest, and recommend those contents
that are most similar to contents that the given cus-
tomer has liked in the past. CB systems build a user
profile that is valuable when a customer encounters
new content that has not been rated before. CB sys-
tems require a source of content information and do
not provide much in the way of serendipitous discov-
ery (Balabanovi¢ & Shoham, 1997; Good, et al.,
1999). Most CB systems are thus ineffective in do-
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mains without explicit descriptions.

However, as a technique for music information
retrieval (MIR) is progressed, researches for music
genre classification have been growing with an
amount of attention since digital music has emerged
on the web. They assume that the components of par-
ticular music genre share certain characteristics typi-
cally related to the instrumentation, rhythmic struc-
ture, and pitch content of the music (Tzanetakis et al.,
2002; Lambrou et al., 1998; Chen et al., 2001; Tao et
al., 2003). There are a large number of feature sets
used in music genre classification, mainly originat-
ing from the area of speech recognition, which has
been proposed to represent audio signal. Recently
many nonspeech signal analysis techniques are
proposed. Especially, Tzanetakis et al.(2002)
introduced the content based features, which
contained features of timbral texture, rhythmic con-
tent, and pitch content. The timbral texture features
are mostly defined by the nature of the timbral
elements of the texture and the relationship between
those elements and the timbral groups they form.
The rhythmic content features characterize the
movement of music signals over time and contain
information about the regularity of the rhythm,
beat and tempo. The pitch content features generally
describe the melody and harmony information
about music signals. The combination of these fea-
tures is effective to classify the music genre, we
thus use universally confirmed music features for
CB filtering. And MARSYAS (Tzanetakis, 2000),
known as one of the best music feature extractor in
MIR, is adapted for the music feature extractor of
MOBICORS-music.
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3. MOBICORS-music

MOBICORS-music is developed to recommend
music contents for mobile web users. It adapts the CB
technology by expressing music contents as a
combination of features. The approach of
MOBICORS-music would increase the number of
ratings by the use of the pre-listened music in-
formation and make it possible for new music to be
recommended using extracted features describe their
perceptual properties. MOBICORS-music is organized
with five modules, such as data preprocessing, user
profile creation, neighborhood formation, recom-
mendation generation and new music recom-
mendation module. The overview of MOBICORS-mu-
sic is shown in [Fig. 2]

Data preprocessing module converts the data
format of music, extracts features of music, and or-
ganizes the music feature database. User Profile

Creation module constructs the preferred music set

User Profile Creation
Module

(PMS) with the preference database. Neighborhood
Formation module selects similar users to the target
user by a distance-based inter-user similarity. This
module calculates the distance between the pre-lis-
tened and purchased music set of the target user and
those of other users represented in the feature space.
Recommendation Generation module creates a rec-
ommendation list for the target user. This module
computes the Purchase Likeliness Scores (PLS) of
the music, and organizes the recommendation list
composed of music with higher score. New Music
Recommendation module determines whether to rec-
ommend new music, or not. This module would de-
fine the target user and his/her neighbors’ preferred
boundarices, and if some new music belonged to them,

then the new music is recommended.

3.1 Data Preprocessing

This module extracts features from music in

Mobile
H Web
Recommen-
Recommendation Generation dation ! ; <
User PMSs Module List : : Mobile User
A 3= ’ !
-3 N i
gl= H P
=1} Rating for new music : Mobile ;
gé gInterface ;
Neighborhood Formation New Music Recommendation '; :
Module Neighbor & Module : i
. Music List —3 ! ;

Data Prepracessing
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. Music ‘.7
Feature DB
"

[Fig. 2] Architecture of MOBICORS-music
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music database and then stores the extracted features
into music feature database. Our music feature data-
base is represented by a music-feature matrix M =
(mik) where i=1 to n, k=1 to 1, i and k denote a music
content and a music feature respectively. Music-fea-
ture matrix M is used in customer profile creation

module and new music recommendation module.

3.2 Customer Profile Creation

Customer profile creation module creates the
Preferred Music Set (PMS) from the customers’
behavior. PMS is composed of purchased and pre-lis-
tened music and their ratings. The rating 7;", a degree
of preference of customer a on the corresponding music

m;, is settled implicitly as the following equation (1):

10 If customer a has purchased the music m;
r=405 If customer a has pre-listened the music m; (1)
0 Otherwise

As equation (1) shows, the rating 7" has three
possible values. We rate the previously purchased
music contents highest because they should reflect
the customer’s taste the most strongly. The pre-lis-
tened music has ratings that are one half of the magni-
tude of the purchased ones. We assign zero to unlisted
music. This definition of preference rating is adapted
from prior researches (Lawrence et al., 2001; Kim et
al,, 2003).

With the music #; and corresponding rating

r . the user a’s PMS is defined as follows:
PMS® ={(m,;,r"){only if r* # 0} @
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The PMS is constantly updated with newly ob-
tained information and used to search for both similar
customers as neighbors and relevant new music con-
tents as recommendations.

The illustration of the PMS is shown in [Fig, 3]
to help the understanding of PMS more easily.

Feature #2 Purchased music
? Rating=1.0

, e

i s Pre-listened music
[o, J | memess
: . VT

. ot
v Userc g ® P
. ’ .

.........

User a’s PMS

Feature #1

[Fig. 3] PMSs in the feature space

User a, b, and ¢ are repressented in two dimen-
sional feature space with their preferred musics.
Represented by PMS, the system can find out each
user’s music preference. For example, the preference
of user ais more affected by the feature #2 because
his/her preferred musics are centered on specific value
of feature #2. In the same way, the preference of user
¢ is more intended on the feature #1 than feature #2.

3.3 Neighborhood Formation

MOBICORS-music finds the neighbors using
Centroid Euclidean distance function as a similarity
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measure. All the music in PMS are represented by
one weighted centroid as its representative, where rat-
ing values of each music are applied to weights of
own features to incorporate the difference between
the purchased music and pre-listened music. And
then, the distance between weighted centroids is used
as sim(c,a} to denote the similarity between a target
customer c and other customer a. It is determined the
neighbor set H = {hl, h2,...,.hL} such that ¢ ¢ H and
sim(c, by ) is the highest, Sim(c, h, ) is the next high-
est, and so on. We calculate the similarity using the
weighted Centroid Euclidean distance function as fol-

lows:

Max[d(c,b)]-d(c,a)
beH . (3)
ﬁ%x[d(c,b)]—%g[d(c,b)]

sim(c,a)=

/ c _nay2
d(c,a)=\[ ZH(O: % @

,where b implies any customer in the neighbor set H,
and d(c,a) is a distance function between the target
user ¢ and other customer b, and Maxfd(c,b)] and
Min/d(c,b)] denote the maximum and minimum dis-
tance between two customers ¢ and b, respectively.
Let O° and O” be the weighted centroids of PMS® and
PMS", respectively. Then OF and Of are kth feature
value of O® and O°, respectively and / is the total
number of features.

Equation (3) shows that the neighbor of target
customer is constructed as the neighbors with shorter
distance than others. As customers updates his/her
PMS, PMS also updates the weighted centroid to re-

flect the customer’s current preference. For this pur-

pose, we define Of and Oy in Equation (5) as:

a b

a a I
0= Z:] e Tk Ob_ ZFI ry My
k n° and Y~ b 5

n

_where m and ™, are the xth music in PMS® and yth
. ) b
music in PMS®, respectively. And m% and ™y are
the kth feature value of M5 and ”’ﬁ, respectively. 7y

and ¥ yb are the rating value of the music mx rated by
customer a and that of music my by customer b, re-
spectively, and na and nb are the total number of music
contents in PMS® and PMS", respectively.

3.4 Recommendation Generation

MOBICORS-music generates a recom-
mendation list of Nmusic contents for a target cus-
tomerc, RL = {R,,R, ... R;... Ry}, suchthatRi{the
music that ¢ has already purchased}. For the RL,
PLS(c, mi) is used which denotes the Purchase
Likeliness Score of the target customer ¢ on music
mi, which is purchased by the members in H, but not
purchased by the target customer c. That is, the
PLS(c, R1) is the highest, and PLS(c, R2) is the next
highest, and so on ; PLS(c, mi) is computed as the fol-
lowing equation (6):

Y~ r®)x sim(c,a)
P Y= acH
LS(c,m;) Zsim (c,a)

acH

©6)

,where ,2 is the customer a’s average rating, and

a

Tm, is the customer a’s rating on the music m;.
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3.5 New Music Recommendation

New Music Recommendation module de-
termines whether to recommend new music to tar-
get customer, or not. For the recommendation of
new music, the preference area of each customer is
assumed to be the feature space composed of the
features of preferred music. The basic idea of rec-
ommending new music is that if a new music is be-
longed into the preference area, then it could be
preferred by the target customer. Thus, new music
recommendation module would define the pre-
ferred boundary as preférence area based on a cus-
tomer’s PMS. And if new music belongs to the
boundaries of a target customer and his/her heigh-
bors, then it searches for the most similar item
within the preferred boundary and applies the rat-
ing value of the similar item for calculating the

PLS of the new music.

3.5.1 Preference boundary

The problem with new music recommendation
is that all customers might not prefer all of the new
music contents. For example, it is inappropriate to
recommend the newly introduced jazzmusic to a cus-
tomer who likes music having hard core rhythm and
strong beat. Therefore the system should find out
what customer would prefer the new music. For such
a purpose, the preference boundary of each customer
is defined in the feature space from the music in each
customer’s PMS.

Target customer c’s preference boundary is de-
termined using the weighted centroid and standard

deviation of PMSc. Based on customer ¢’s preference

8 SEX|SHEAAHSS=2X| H12A 25 20064 68

boundary, new music Pjis recommended to target
customer ¢ if O — sk <Py SOg +s;  for all k,
where $} is weighted standard deviation of musics in
> (- 05)
PMS®and it can be calculatedas {— = .
Py is the kth feature value of new music P, O is the
kth feature value of O, the weighted centroid PMS®,
and mg; is the kth feature value of 715,

However the standard deviation function as-
sumes that the number of music in PMS® is over 30
and PMS’ follows the normal distribution. But in mo-
bile web environment, the number of musics in their
PMS might be smaller than 30. So t-preference boun-
dary is defined by t-distribution with 95% confidence
interval, and the confidence level is set up consider-
ing the recommending environment. New music P; is

recommended to target customer ¢ with 95% con-

sC
. . Of —1(0.025,n, —1)x—X
fidence interval, if , ¢ ‘/nc

<Py

< Py SO +10025,m =) j_r’:_ for all k, where

S =

> s - 05)?
n® .
In Case 1, and Case 2, P; and P; are recom-
mended to the target user, but P; can not be
recommended.

In this way, the system tells whether the user
will prefer the new music, or not, but it does not still
know how much preferences he/she has on the new
music. The new music does not have any rating in-
formation so the system can not calculate the PLS of
new music. Therefore, the system gives the PLS of

the most similar music to the new music.
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[Fig. 4] User preference boundaries

The procedure for the new music recom-
mendation is organized in two phases: defining the
extended neighbors’ preference boundaries, and find-

ing the most possible rating of new music.

3.5.2 Finding the Most Similar Music

As new music P; does not have any rating,
the system can not calculate its PLS. For this rea-
son, MOBICORS-music finds the most similar
music (MSM), which is defined as the music hav-
ing the shortest distance to P; in preference
boundary. And then the rating value of new music
P; is substituted by that of MSM.

The illustration of this procedure is shown
in [Fig. 5], where P; is included in both preference

boundaries of target customer ¢ and neighbor b. In

this illustration, both MSM 1632 and MSM f:z is mu-

sic m, therefore P; can get the rating value of
both 75 0.5 and 75 1.0. With these rating values,
the system calculates the new music’s PLS.
Therefore the recommendation list RL is generated
from music rated by neighbors and new music
may be included in preference boundaries at the

same time.

Feature #2

Wl
The most similar item

,

/  Neighbor
;

'

H ®

'.‘ °

[y

>
—

Feature #1

[Fig. 5] The MSM for new music

With these rating values, the system calculates
the new music’s PLS value. Therefore the recom-
mendation list RL is composed of existing music and

new music.

4. An Ilustrative Example

In order to help the understanding of the proce-
dure of MOBICORS-music, this section presents two
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illustrative examples including a CF based-recom-
mendation procedure and a new music recom-

mendation procedure.

4.1 The CF Recommendation Procedure

The CF recommendation procedure is ex-
plained with five users’ PMSs. Five users are named
as Kim, Lee, Cho, Kang, and Chaewhere, Kim is the
target user. For the simplicity of this illustration, it is
assumed that the number of music features is only
two, the number of neighbors L is three, and the num-
ber of recommendation musics N is five.

The users’ PMSs are represented as follows:
Kim’s PMS ={(mg, 0.5), (ms, 1.0), (13, 1.0), (mo, 0.5)},
Lee's PMS={(m;, 0.5),(mg;, 1.0), (m,1.0),(my,1.0},
Cho’s PMS ={(my, 0.5), (s, 1.0), (my, 1.0), (my3, 1.0)},
Kang$ PMS={(m,, 1.0),(ms,1.0),(my, 1.0),(m;,0.5)}
and Chae’s PMS ={(m, 0.5), (ms, 1.0), (m;;, 1.0),
(m12, 0.5)}. And the music feature database is shown
at <Table 1>.

<Table 1> The music feature database

Musio Feature 1 2
m 0.2 0.5
mo 0.5 0.3
ms 0.6 0.4
ma 0.4 02
ms 0.5 0.6
Me 0.8 0.8
my 0.9 0.9
ms 0.4 . 04
Mg 0.6 0.5
Mio 0.7 0.4
Mn 0.6 0.3
M2 0.4 0.3
M3 : 0.3 0.4
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[Fig. 6] illustrates the preference boundaries of

each user in two-dimensional feature space.
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[Fig. 6] User Preference Area

To calculate the distance between users, all of
the users’ weighted centroids are calculated using

equation (5), and the results are shown in <Table 2>,

<Table 2> The weighted centroid of five users

User Feature 1 2
Kim 0.375 0.363
Lee 0.638 0.625
Cho 0.3 0.338
Kang 0.525 0.313
Chae 0.363 0.2

With the weighted centroid of each user, the
system calculates the distance between target user
and other users. For instance, the d(Kim, Lee) is cal-
culated as equation (7).
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(0.375-0.638) +(0.363~ 0.625)°
2

=0.321

d(Kim,Lee)= J
()

In the same way, other user’s distances are also
calculated and the results are d(Kim,Cho) = 0.077,
d(Kim,Kang) = 0.154, and d(Kim,Chae) = 0.116.
Thus Kim’s neighborhood set H is {Cho, Kang,
Chae}.

To compare the result with existing CF sys-
tems, the similarity between users is also computed
with the Cosine formulation method, and the results
are Cos(Kim, Lee) = 0.5, Cos(Kim, Cho) =0.25,
Cos(Kim, Kang) = 0.25, Cos(Kim, Chae) = 0. As
shown in [Fig. 6], Lee’s preference is distributed to a
very large area in the space, and it seems to be in-
appropriate to select Lee as Kim’s neighbor. But, the
existing CF systems cannot notice this, and then
would select Lee as Kim’s neighbor. Based on Lee’s
purchased music, the CF system would recommend
incorrect musics such as mg and m; which are not sat-
isfied by Kim. The feature-based data representation
can be escaped from such a risk.

Before calculating the PLS, neighbors’ sim-
ilarities can be computed using the distances. For in-

stance, Sim(Kim,Cho) is calculated as equation (15),

0.5-0.077 ~0.863

im(KimCho)=
sim(KimCho) = o (15)

In the same way, other user’s similarities are
also calculated as follows: sim(Kim, Kang) = 0.706,
sim(Kim, Chae) = 0.785 The music set preferred by
neighbors are my, my, ms, ma, mg, Mo, my1, mMy2, and

my3. As Kim has already purchased m; and ms, they

| o Feature 1 5
Mia 0.36 0.33
mMis 0.45 0.55
Mis 0.74 0.12

are excluded in the RL. Therefore, the PLSs of other
musics are PLS(Kim, m;) = 0.231, PLS(Kim, m) =
0.488, PLS(Kim, ms) = 0.769, PLS(Kim, myo) =
0.731, PLS(Kim, my;) = 0.514, PLS(Kim, my,) =
0.511, and PLS(Kim, m,3) = 0.731. These results are
combined with the results of new music recom-

mendation module for generating RL.

4.2 New Music Recommendation

Suppose that the new music such as mys, mys
and my¢ are provided. <Table 3> shows the feature
profiles of them.

<Table 3> New music’s profile

In this illustration, the number of music in each
user’s PMS is four, so the t-preference boundary is
used. The weighted centroids are presented in the
<Table 3>, and the weighted standard deviations are
computed, and the results are in <Table 4>,

<Table 4> The weighted standard deviation

Usor Feature i 2
Kim 0.096 0.18
Cho 0.141 0.075
Kang 0.171 0.118
Chae 0.18 0.071

In condition that confidence interval is 95%
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and degree of freedom is three, t-value is 3.182.
Therefore, each user’s t-preference boundary is de-
termined as shown in <Table 5>.

As you can see, my4 is included in Kim’s,
Cho’s and Kang’s preference boundary, and mys is in-
cluded in Kim’s and Cho’s preference boundary. But
mys cannot be included in any user’s one. In next step,
the system finds the individual MSM of selected new
music set. In the case of my4, the distance between m4
and other music in Kim’s PMS are computed as fol-
lows: d(mj4,m3) =0.101, d(mi4,ms) =0.215, d(my4,ms)
=0.057, d(mys,ms) =0.071. As a result, MSMp" ig
mg, and the rating value of mg, 1.0 is given to that of
mys. In the same way, the MSMS::’ is myz, and
MSM r?:g is mp. And my4 is given the rating values of

each MSM’s value, i.e., 1.0, 1.0, and 1.0, respectively.

<Table 5> t — Preference boundary

User Feature 1 2
Kim (0.22, 0.53) (0.08, 0.65)
Cho (0.07, 0.53) (0.3, 0.38)
Kang (0.25, 0.8) ©.12, 0.5)
Chae (0.08, 0.65) (0.09, 0.31)

In the case of mys, as the same way, MSMS,?
is my3, and it is given 1.0 as the rating value of ma.
With the rating values of new music, the system
would compute their PLSs as follows: PLS(Kim,
mis) = 0.751, PLS(Kim, mis) = 0.731. Finally, the
system can generate the last RL for Kim composed
of both new music, i.e., RL = {m4, my4, m;s, myo,

m13}.
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5. Conclusion

Currently the mobile web service is growing
with a tremendous speed and mobile contents are
spreading extensively. It forces existing recom-
mender systems to deal with the newest items and to
ensure high quality of recommendations. In this pa-
per, we focused on these challenging issues of the
recommender systems in mobile environment and
proposed MOBICORS-music, combining collabo-
rative filtering with content-based filtering. And we
made an example, which can show step by step how
the system do find target user’s neighbors, and how
can recommend new music. In this example, we ver-
ify that MOBICORS-music is more accurate than the
general CF, and generate the recommendation list in-
cluding both new music and other existing music.

Use of MOBICORS-music is expected to offer
the following benefits to both consumers and suppli-
ers of mobile contents: (1) Customers can purchase
contents with much less effort arid much lower con-
nection time to the mobile Web, because they can
much more-easily find desired mobile contents. (2)
Mobile contents providers can improve the profit-
ability of their business because lower customer frus-
tration in finding desired contents increases revenue
through an improved purchase conversion rate.

‘While MOBICORS-music is effective and effi-
cient for content recommendations in mobile web envi-
ronment, it also suggests a real-world application. And
with the rapid growth of mobile commerce, the mobile
Web based recommender system for other types of mul-
timedia contents, such as video on demand (VOD), will

continue to be an area of research nterest in the future.
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