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ABSTRACT

Nowadays, many business embed recommendation systems in their web sites, in order to study the
tastes of their customers, and achieve some business objectives. Personalized Recommender Service is
necessary to latent tendency to optimize service for each user’s unique needs and characteristics. This
service is to offer user to customize their service, as well as provide information from their past
behaviors. These events have many functions what do they want/need to behaviors and preferences with
commerce. Especially, most diversity of commerce serve users with product contents by self-adapting
computer system. However, many users don't always know what they want and need, and when their
behaviors occasionally change preferences. Besides, users don't find out their purchased history that they
want to buy with required product on commerce. After all, personalized recommender service aims to
provide with associated services of user’s preference or purchase pattern from the unexpected product
information of commercial market. Accordingly, we propose strategies for adaptive personalized
recommender service in this paper. Finally, we need to design for adaptable recommender service
(tag-based ranking) to support sport commerce. In addition, we make use of adaptive service design,
detecting service with user’s data modeling.
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1. Introduction

Smart platforms, computers and smart devices
have become an essential part of our lives. Many
users use them both for their work and in their
personal life cycle. Information consumption has
moved from offline and online that it relies on
the internet for the news, education, and for
keeping in touch with users, as well as many
commerce market promote with interact for the
various  service  policies on  online [1].
Nevertheless, increasing amount of online content
competing for attention has created, some web
services reorganize already existing information,
created in the context of the service itself.
Eventually, what all of commercial services have
in common is that they serve as a gateway to
information for users, presented through the
platform they operate[2-3]. To understand this
complicated recommendation system, it’s important
to understand the main participants and their
motivations. In case, sport online market seller
earn money proportional to user click streams,
rates, and gain popularity through sport product
sometimes [4]. Accordingly, there are service
providers who, beyond wanting to keep their
users contents, have a clear economic incentive to
find out the content their users are most likely to
consume. To content to each user, web services
have  started  implementing  personalization
algorithms. Such as, Google search returns results
user’s [P address or coordinates and Amazon
recommends products to a user based on user’s
similarity for online shopping histories as well as

Naver. Most data the online market/shopping mall

have about a user, the better they can predict
their preferences. This leads to content providers
collecting information with  purchased data,
tracking user behaviour on their online market. It
has become easier to come by user data since
user’s smart device and computers essentially act
as sensors that gather data every time. To deal
with the vast amount of data, operators use
machine learning algorithms for Big Data. The
following sections give a more precise description
of the context of the research, along with an
overview of related work and modelling. We
proposed architecture design and algorithm for
recommender

personalized service  of  sport

commerce.

2. Related Works

2.1 GroupLens

GroupLens provide to alleviate the problem of
information overload by applying Collaborative
Filtering (CF) techniques to Usenet news and
other internet resources [5]. Information Filtering
(IF) refers to techniques for selecting valuable
information  from the wealth of available
information. As the amount of information in the
world increases, information filtering is becoming
more and more important from many fields
retrieval, artificial

including information

intelligence, user interface, and collaborative
filtering system. Collaborative filtering systems
make use of the reactions and options of user
that have already seen a piece of information to

make predictions about the value of that piece of
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information for user that have not seen it yet. In
the GroupLens collaborative filtering system users
enter their ratings of net-based news messages
through the wuser interface. These ratings are
stored in database along with their ids. A
separate database is used for each newsgroup
[6-8].

2.2 Keyword Based Filtering

Keyword Based Filtering System (KFS) form a
representation of a  document based on
information extracted from the document. This
representation often takes the form of a vector of
the keyword found in the document along with
other features such as the author and source.
Keyword based analysis compares the document
vector against another vector which represent the
user’s profile of interests to determine whether
the user is likely to find the document interesting.
Keyword techniques can be effective at selecting
text documents on a desired subject [9]. But,
keyword-based information retrieval systems as
well as the user who use these systems suffer

from a tremendous information overload.

2.3 User Modeling of Social Web System

In order to information system of social web
adapt functionality to users, this systems require
personalized information such as purchased
product, collected product, and so on [10-12].
Social web provides opportunities to gather such
information that users leave of traces on the web.

Also,  distributed  user  modeling is  to

provide/aggregate user and context information
from the different sources available on the social
web [13]. This wuser model wused contextual
information by means of tag-based profile that
represent the same entity in different services , as
well as a user might have tag-based profiles can
thus be computed by accumulating the profiles

provided by the different services.

3. Proposed System

Information like visited locations, web-searches,
purchases, smart platform, and even sport
equipment handling are collected and stored
without any clear benefit for the user.
Consequently, it is being defined the need for
personal models to manage and exploit these
large amounts of data. It is taking place the idea
of the personal data store that is a personal,
digital controlled by an individual where each

user can choose.
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Figure 1. Architecture of Personalized Recommender Service
(UID is User ID, and WLTD is Web-based Logical Tag Data)
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We show <Figure 1> in such a service
personalized recommender service for user data
model in our research paper. User profile have
automatically extracted through personal data
mining. Personal data mining refers to autofocus
methods able to build subjective and adaptive
with themselves. These methods are able to
automatically detect and extract the repetitive and
valuable patterns delineating the user’s systematic

behaviors.

3.1 Personalized Data Modeling

In  our research paper, we  approach

personalized  data  models  contextual  user
interaction in our system as tag-based profiles.
Based on the traditional this model specified in
definition 1. that can be computed for specific

context as bellow.

Definition 1.

A tag-based profile is a set of weighted tags
where the weight of a tag t is computed by
a certain strategy w with respect to a given

context c.

Pc) = {(t, we)tET, cE UU TU R U (&} (1)

UTR are finite sets of instances of users, tags,
and resources.
w(c,t) computes the weight that is associated

with tag t in a given context ¢. € describes

the context.

Personalized search and personalized content
exploration is adapt the search result computed by
the historical strategies to the given user and the
user’s context. We proposed different strategies
for inferring contextual user profiles from user
interactions with sport commerce. Such as, a
keyword query issued by a user can be enriched
with further keyword that described the wuser’s
context. The
should  thus

generate a search result that respects the query as

personal needs in the given
personalized  search  algorithms

well as the context given by means of

personalized recommender service with
user-oriented profile [14]. In our recommender
service scenario above the query was given as
web-based URL

information, clicked on a tag to retrieve both a

single tag, that means
ranked list of resources and a clicked list of
users [15-17]. A user query might however also
consist of multiple tags and can there with be

interpreted of user profiles.

3.2 PRS Algorithm for Service Scenario

In definition 2., we design a generic algorithm
for computing personalized rankings that requires
a domain-driven ranking strategy s as input.
Given a query P(a) and contextual information
about the user P(c) the ranking strategy s is
applied to generate two rankings Rq and Rc by
using P(g) and P(c) respectively as query. Using
a common mixture approach both rankings are
then combined to produce the ranking Rr that is
contextualized

finally returned as output. A

ranking is thus the weighted average of the query
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and context ranking [18-20].

Definition 2.

The generic algorithm for computing
contextualized rankings combines the
ranking computed with respect to the
query with the one computed for the
tagging context profile.

1. Input: query P(q), user P(c), ranking
algorithm s, context influence d& [0..1].

2. Compute a ranking Rq based on the
query tagging profile, Rq <- s.rank(P(q)),
and a ranking Rc based on the context
tagging profiles, Rc <- s.rank(P(c)). Rq
and Rc are sets of weighted entities (e,

wi), and (e1, wz) respectively.

3. Compute the result ranking R, by
average Rc: and Rcz. R contains
weighted entities, where w = (I-d)}w +
dw and d specifies the influence of the

ranking scores computed via the context

profile.

4. Output: R, the set of weighted entities

(ew), where w denotes the weight

assigned to the entities.

<Figure 2> we show that this tag usage
reminds of a URL pattern distribution as
there are a lot of tags. For example, when
user search sport product at Naver shopping

mall (sport.naver.com), we could collect many

tags on web log (user query) and identify
with tag usage of Naver shopping mall. We
can make a set with tag-based context profile
of Naver shopping mall, then we compute the

result ranking of log data.
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Figure 2. Tag Usage in the Naver Sport Commerce.

We ran the experiments for each the 100
users, who actively contributed tags in Naver
shopping mall. By the proposed both
Definition 1. and Definition 2., we reduce the
computation retrieval time required for each
users. And we have the size of the tag-based
profiles to 100 entries, more user profile
information results in a better performance of
the tag recommendation as following <Figure
3>
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Figure 3. Tag-based User Profile Recommendation

(Reduce the computation retrieval time of users)

4. Conclusions

In our paper, we have proposed a simply

web-based  personalized recommender  service
scenario modified that user profile would serve
tag-based user’s characteristics. As the possibilities
to analysis each wuser’s tag/click behaviour
individually, a thorough modelling of this context
and preferences enables dynamic composition of
suitable web contents. Accordingly, this paper
contributes to research on information retrieval as
well as user modeling and personalized
recommender service on Social Web. We had a
simple contextualization model of Naver sport
search.

with

commerce to user-oriented

Although, it is

improve
difficult to

various methodologies, we anticipate to develop a

experiment

context-based user modeling and personalized
recommender service framework for between the

Big Data and the social web environments.
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