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1. INTRODUCTION

Figure 1: Snapshot of Yahoo! Front Page

Figure (1) shows a panel with slots labelled Today Module (F1),
News Module (F2), and Trending Now Module (F3). Slot F1,

THE web has become the central distribution channel for
information from traditional sources such as news outlets as
well as rapidly growing user-generated content. Developing
effective algorithmic approaches to deliver such content
when user visits web portals is a fundamental problem.
Search engines use ranking algorithms to return the most
relevant links in response to a user’s keyword query.
Whereas, portals that cater to users who browse a site are
typically programmed manually. This is because content is
harder to assess for relevance, topicality, freshness, and
personal preference; there is a wide range in the quality; and
there are no reliable quality or trust metrics.

We consider the problem of optimizing content displayed in
a module that is the focal point on a major Yahoo! portal; the
page also provides several other services such as latest news.

which accounts for a large fraction of clicks is prominent, and an
article is displayed on F1 receives many more clicks than when it
is displayed at F2, F3. The available articles are refreshed
continually. A few new articles get pushed into the system
periodically (every few hours) and replace some old articles. The
editors [2] keep up with important new stories (e.g., breaking
news) and eliminate irrelevant and fading stories, and ensure that
the pool of articles is consistent. The same articles are seen by all
users visiting the page. We consider how to choose the best set of
articles to display on the module to a given user. Since the mix of
content in the available pool already incorporates constraints, we
focus on choosing articles to maximize overall click-through [3]
rate (CTR), which is the total number of clicks divided by total
number of views for a time interval. But each visit generates a
“view” event on the Today Module, though the visitor may not pay
any attention to that module.

One of our goals is to increase user activities, measured by CTR.
We have to rank available articles according to visitors’ Interests,
and to highlight the most attractive article at the First position.
Articles with the highest segmental CTR will be served to user
segments respectively. Once we identify users who share similar
interests in conjoint analysis, predictive models can be built to
classify users (including new visitors) into segments.
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2. RELATED WORK

Internet is continuously growing at an exponential rate. So it
becomes difficult and time consuming to find the meaningful
information in which user is interested. So to remove the
unwanted information and find what is really useful for the
users is a challenging problem for information filtering.
Previous studies focus on offline recommendation model.
But it was not good enough to change according to users’
interest. Also offline models cannot be updated according to
these changes. Therefore we propose an online learning
framework for personalized recommendation.

Recommender systems [4] have proven to be an effective
method to deal with the problem of information overload in
finding relevant products. They not only help to provide
relevant items to an individual user but also increase cross-
sell by suggesting additional products to the customers and
improve consumer loyalty because consumers tend to return
to the sites that better serve their needs. Previously human
editors were used to manually rank the items according to the
users’ interest. But it requires expensive human effort. So,
various kinds of online recommendation techniques have
been proposed, including collaborative filtering (CF) and
content based filtering.

A content-based filtering [8] monitor a document stream and
pushes documents that match a user profile to the
corresponding user. The user may read the delivered
documents and provide feedback, which is then used to
update the user's profile.

Collaborative filtering (CF) is currently one of the most
popular and widely used recommendation techniques.

Collaborative filtering [6] is a method of making automatic
predictions (filtering) about the interests of a user by
collecting preferences or taste information from many users
(collaborating). Collaborative filtering [6] approach is that if
one person has the same opinion as another person on an
issue, then first person is more likely to have opinion like
second person on a different issue x than to have the opinion
on x of a person chosen randomly.

Collaborative Filtering [7] has many advantages. First, in
collaborative filtering, humans determine the relevance,
quality, and interest of an item in the information stream.
Consequently, filtering can be performed on items that are

hard to analyze.

Second, collaborative filtering [5] systems can enhance
information-filtering systems by measuring, in dimensions.
Humans are capable of analyzing on dimensions such as quality or
taste, which are very hard for computer processes Thus
collaborative filtering [7] systems can enhance information-
filtering systems by measuring, in dimensions beyond that of
simple content, how well an item meets a users’ need or interests.

Thus online recommendation [6] model is proposed which will

rank the items according to the users’ interest based on the click
through rate (CTR).

2.1 Problem Analysis

Consider the problem of optimizing content displayed in a module
that is the focal point on a major Yahoo! portal; the page also
provides several other services (e.g., Mail, Weather) and content
links. The module is a panel with slots labeled Today Module,
Trending Now Module, News Module which accounts for a large
fraction of clicks, is prominent. The pool of available articles is
refreshed continually. A few new articles programmed by editors
get pushed into the system periodically and replace some old
articles. So providing the relevant content to the user from large
content of pool is a big challenge.

So we focus on users’ rating i.e. click-through rate (CTR), which
is the total number of clicks divided by total number of views for a
time interval. And according to it, content is provided to the user.

3. PROPOSED ARCHITECTURE

A new content publishing system is proposed that selects articles
for the users, choosing from the content pool that is frequently
refreshed and liked by the users. Otherwise the most likely items
are displayed at the bottom of the web page and less likely items
are placed at top of the web page.

So, the fundamental problem we must solve is to quickly identify
which items are popular. We must also explore the underlying pool
constantly to identify alternatives, quickly discarding old stories.
Our proposed approach is based on per article performance in near
real time through online models. So that users’ interest can be
estimated using click through rate (CTR).

Therefore, Online Learning Framework [5] for personalized
content recommendation is proposed which rank the items by
automatically estimating the users’ interest. Such recommender
system has three characteristics as follows:
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Figure 2: Framework of Recommendation Model
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3.1 Online Learning

Online Learning methodology [10] is necessary to provide
attractive and relevant content to users. It enables us to model
users’ behaviors (clicks and views) to update
recommendation model in real time. In an online Learning
framework random learning bucket is used for estimating
CTR. All the models are updated after some time interval.
Finally updated models are applied to the bucket and items
are displayed to the user in descending order.

3.2 Dedicated Model

It is an effective and dedicated model [10] for each content
item which estimates the relevance score. To apply per item
model in our online learning framework it is necessary to use
particular method for updating per item models so that the
items are ranked by the recommendation scores in the
descending order.

3.3 Personalization

The users are divided into different groups according to the
user profile. And recommender system serves them with the
models which are updated. Thus, online recommendation
model [11] heavily relies on users’ clicks and views which
are required for estimating recommendation list. So that
content is displayed to the user according to their interest.
The top ranked are displayed at the first position and less
likely items are displayed at the bottom of the web page

4. FRAMEWORK OF
RECOMMENDATION MODEL

Figure (2) shows the framework of recommendation model.

The objective of recommender system is to provide the
relevant content to the users by filtering unwanted
information. There are three stages of recommender systems.

4.1 Clustering

Clustering [13] is nothing but grouping the items together
that are having similar characteristics. So as shown in fig. (2)
Users that are having similar interest are grouped together.
According to their interest same recommendation list is
provided to the users.

4.2 Similarity Computation

When the products or items are displayed to the user, the
ratings by the user are taken into consideration. In the
process of similarity computation [20] , according to the
ratings highly ranked items are first displayed to the user.

4.3 Recommendation
Recommendation is the last stage of recommender system.

In this stage highly ranked items in which user is interested
are recommended to the user.

5. PERFORMANCE ANALYSIS

As shown in Fig. 1, there is usually more than one content
recommendation module on portal website. Different content
modules are likely to compete with each other on a densely
packed interface such as the frontpage of the website.
Therefore, one user visit on the portal website may not
necessarily mean the user is really engaged in all the content
modules displayed to the user [1].

Accurate CTR estimation is necessary for recommendation
module [14] and it should be based on the events where users
were really engaged in this module, instead of all the events
where the contents of this module were merely displayed to

the users.

The purpose of click through rates [19] is to capture
customers’ initial response to websites. We can estimate the
click through rate as follows:

Click through rate (%) =Click (#)/ Impressions (#) Q)

Thus, click through rate (CTR) [5] is the number of clicks on
particular item to the number of times the particular item is
displayed to the user.

Click through rate can be calculated by predicting ranking to
each item by the user.

Table 1 Ranking Table for Each Segment

User Segment Predicted
Ranking
Sports 5
User 1 Finance 2
Politics 1
Sports 2
User 2 Finance 1
Politics 3

Table 1 shows ranking of each user for every segment. Thus
politics segment has first position for user 1 and finance is
ranked at first position for second user. In this way ranking is
calculated for each user.

6. CONCLUSION

Nowadays the internet is growing exponentially at a fast rate.

When any user searches for information about any topic,
large amount of information becomes available to the user
which may contain useful as well as unwanted information.
So it becomes difficult to extract the meaningful information
according to the users’ interest from all the available
information. To overcome this difficulty recommender
systems are proposed. A recommender system satisfies the
users’ demands by providing relevant content to the users.
This paper presents user action interpretation for online
personalized content optimization which uses two filtering
approaches content based filtering and collaborative filtering.
These two filtering approaches filter the data according ti the
users’ interest.

In the future, more interest is in exploring more information
about the users’ geographic location as well as clicks
behaviour and makes the use of that information to
recommend relevant content to the user.
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