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ABSTRACT: This paper describes a method for information filtering in web browsing to learn user’s preferences. The
purposed method observes user’s reactions to the filtered documents and learns from them the profiles for the individual users.
Reinforcement learning is used to adapt the most significant terms that best represent user’s interests. In contrast to conventional
relevance feedback methods which require explicit user feedbacks, our approach learns user preference implicitly from
direct observations of browsing behavior during interaction. We made field tests that involved number of users and number
of document during period of time, to show if our methods have the superior performance in personalized information
filtering.
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1. Introduction

With the rapid progress of computer technology in recent years, electronic information has been explosively increased. This
trend is especially remarkable on the Web. As the availability of the information increases, the need for finding more relevant
information on the Web is growing. Therefore, filtering appropriate information is a critical issue to relieve Web users from
information overload.

Currently, there are two major ways of accessing information on the Web. One is to use Web index services such as AltaVista,
Yahoo!, and Excite. The other is to repeatedly follow or browse the hyperlinks of the documents by a user himself. However,
these methods have some drawbacks. When using the Web index services, much of the retrieved results may be irrelevant to
user’s interests. The method of manual browsing involves much time and efforts.

The low quality of index services is in part due to the fact that users have personal desires in mind, but the index service systems
do not take into account the personal preferences. This is because they are based on general purpose indexing methods. High
quality service requires catching the personal interests over the interaction with the information retrieval system.

In this paper, we describe a method for learning user’s preferences by observing user behaviors during his interactions with the
web browser. The method is based on reinforcement learning and implemented in a Web-based information filtering method
called PIRW (Personal Information Retrieval on the Web).
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Two different aspects are employed to filter more relevant Web information. One is to acquire user’s opinion exactly without
extra efforts. Another is to learn user’s profile. PIRW observes user’s Web-browsing behaviors to the filtered documents, such
as bookmarking, following the hyperlinks, scrolling up and down, and spending time in reading. And it gets user’s relevance
feedback implicitly. This information is used for learning the profiles, where reinforcement learning is applied.

Reinforcement learning is a goal-directed learning method based on interactions with the environment. We take the reinforcement
learning method because it can learn on-line.

1.1 Problem Statement

The problem of current personalized filtering methods is that they heavily depend on a user’s active participation for describing
user’s interest. Furthermore, because the user’s interests are change frequently, it is difficult to express the user’s ambiguous
interests in an explicit set of keywords. In this research, we propose a method that observes the user behavior to implicitly
capture the user’s interest and then filter the incoming web sites.

1.2 Significance/Justification
Our proposed method will significantly enhance the user’s learning preferences by direct observing the user’s behaviors on the
web and thus maximize the expected value of web search engine results.

2. Literature Review

In information retrieval and filtering, users are usually not able to express their information needs in exact terms (explicit user
feedback). But, they easily can evaluate a document on whether relevant or not to their information needs. The evaluation by a
user is called user relevance feedback. Fig. 1 shows summary of methods used in literature review.

2.1 Using Explicit User Feedback

2.1.1 Vector of Relevant/Irrelevant Documents

A general model for information retrieval is the vector space model that represents queries and documents as vectors. Query
modification consists of re-weighting, adding or removing terms, and inserting structure to the queries. Rocchio [1] has
suggested a relevance feedback method as follows:

Q=Q+(n) ey R -(1/n2) B XS,
where
Q : the vector for the initial query,
R the vector for relevant document i,

Si : the vector for irrelevant document i,
o, : Rocchio’s weights.

Q’ isamadified vector of the original query plus the vectors of the relevant and the irrelevant documents. Rocchio’s weights are
the factor used for adjusting the ratio of each component. The Rocchio algorithm is the basis of relevance feedback in IR of
vector space model. The original query vector is expanded to the query which is the vector of the original query plus the vectors
of the relevant and the irrelevant documents. Most of the relevance feedback methods in the vector-space model are based on
Rocchio’s method. But these methods have several drawbacks. One of them is that they do not discriminate well which term is
more relevant to the user’s initial need because they make use of all the terms in the retrieved documents. Another is that the cost
of vector sums is very high in relatively dynamic document sets like the Web. Therefore, it is difficult to be applied to information
filtering on the Web.

2.1.2 \ector of Terms and On-line Learning of their Weights

To overcome these drawbacks of batch algorithms, there are online incremental algorithms, called WH (Widrow-Hoff) and EG
(exponentiated gradient) [2] [3]. The WH and EG are learning algorithms that search the weight vector representing the user
information need.

WH is viewed as a gradient descent procedure since the term 2(W. X — y)x is the gradient of the square loss. Thus, WH tries to
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Figure 1. Taxonomy of Users’ preferences

move in a direction in which this loss is decreasing the fastest. The EG algorithm is similar to WH in that it maintains a weight
vector Wi and runs through training examples one at a time.

Since WH and EG algorithms can learn a linear classifier with less data and in online fashion, it is useful to apply these algorithms
to personalized information filtering. But they mainly consider weight modification, and thus the results are affected by other
factors such as term selection. Because EG follows an exponentiated gradient, small variations in how the gradient is determined
might have large effects on algorithm behavior [3].

2.2 Using Explicit and Implicit User Feedback

2.2.1 Searching on the Web

Letizia [4], which is an assistant for browsing the Web, traced the user behavior in the conventional Web browser. It analyzed
his (or her) behaviors, such as following-up of the hyperlinks in an HTML document. And then it estimated his interests by
parsing the document and recommending HTML documents. It has some benefits that satisfy the potential information need
without using the retrieval tools such as WAIS or Web Crawler, and using Web-index services such as Yahoo! or AltaVista.

And it also helps the user to persist his interest. But, learning about a person takes much time and there are many variables
associated with the learning.

WebWatcher [5] learns the user interests using reinforcement learning. In WebWatcher, it is assumed that the information space
is linked with hyperlinks. While the retrieval agent seeks the relevant document, it is directed by the value of reinforcement
learning.
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[6] proposed a system where the context information is used to update the system’s representation of the searcher’s query,
which in turn is used to re-rank the list of top-ranking sentences. Specifically, their notion of context is based on the assumption
that searchers will spend a longer time reading interesting material and less time reading irrelevant material.

2.2.2 Searching on the Net-news System

[7] exploited a heuristic, which uses behavior monitoring to capture the user’s interests in information, for filtering the news
articles. Specifically, [7] found that there is a strong tendency for users to spend a greater length of time reading those articles
rated as interesting, as opposed to those rated as not interesting. This finding has been replicated by others in similar environments
[8]. Other behaviors that have been explored include printing, saving, scrolling and bookmarking [9].

[10] did an explicit test of the work of [7] in an IR context other than information filtering. The authors used three sources of
implicit feedback: reading time per document, scrolling and interaction. Interaction with a document encompassed the following
activities: clicking on Show Next Keyword, Show Best Passage, Show Next Best Passage or Show Previous Passage buttons.
However, such measures are context-dependent, vary greatly between searchers and are hence difficult to correlate with
relevance across searchers and searches.

ANTAGONOMY [11] suggested methods by which user preferences for the electronic news articles can be learned from user
behaviors. They have exploited two types of inference: one using explicit feedback and the other using implicit feedback. In the
explicit relevance feedback, the users rate all articles according to their relevance. In the implicit, the users read articles by
performing scrolling and enlarging the articles, and the system infers from the behaviors how much the user was interested in
each article.

2.2.30ur Method: PIRW

As described above, we analyze user’s behaviors on the Web browser and then estimate explicit user’s feedback by using
analyzed information. We refer to this type of feedback as implicit feedback. Implicit feedback is obtained by observing user’s
behavior on the filtered ith document. It is composed of several parts: time for reading (rt), bookmarking (bm), scrolling thumb
up and down (sl), and following up ( fl) the hyperlinks in the filtered documents. The total score of implicit feedback is computed
as:

R,(i)) =X cf (i)
f={rt,bm,sl,fl }

with

Here, ¢ is a weight for each factor of the implicit feedback. It is learned by using a multi-layer neural network.
3. Research Methodology

We will conduct our experiment to learn user’s profile by observing user behavior. This experimentation is aimed for normal
Internet user using web search engine such as Google, Yahoo, etc.

3.1 The proposed system: Personalized Information Retrieval on the Web (PIRW)

3.1.1 Step 1: Initially, the user provides the system with a profile
Typically, the initial user’s profile (p) consists of one or more keywords. It can be represented as a vector of terms:

W, = (Wpl,...,wpk,...,wpn) ,
where
Wy the weight of k-th term.
n: the number of terms used for describing the profiles.

Figure 2 shows an example of an initial user’s profile and its initial weights.
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Initial user’s profile (p) : { Malaysia, Sport, ... }

Initial terms weight (Wp): {1,1,...}

Figure 2. Initial user’s profile and its initial weights

3.1.2 Step 2: (Retrieval) Generate a query from the profile to retrieve N URLS
Existing Web search engines are used to obtain the relevant URLSs.

3.1.3 Step 3: (Filtering) Evaluate the relevance of documents:
Rank the N documents and present M of them to the user

The documents for the URLS are then retrieved and preprocessed, and their relevance values are estimated. The N documents

are ranked, and M of them are filtered and presented to the user in a descending order (Figure 3).
The similarity (or relevance) of i document and profile p is computed as:
n
Vi :Zkl th X W,
where

tf, : term frequency of k-th term in retrieved document D,.

Query
Observation ‘:Il>
N URLs
Web
Search

M Selected Engines

URLs
Selected i
Documents Documents ./

Figure 3. PIRW will rank the N documents and present M of them to the user

3.1.4 Step 4: Get the feedback by observing user behavior

World
Wide
Web

We will write software in Java language to observe the user behavior on the web. We will call this software WebObserver.

WebObserver (Figure 4) will record following information for each document that will be read by the user:
1. Document identifier (Doc-1D).

2. Time for reading (rt) the document.

3. Bookmarking (bm).

4. Scrolling thumb up and down (sl).

5. Following up (fl) the hyperlinks.
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Two different types of user feedbacks are distinguished in PIRW. One is the “explicit” feedback in the form of scalar values to
evaluate the relevance of the documents. This is provided by the user during the initial learning phase (step 1). A second type
of feedback is the “implicit” feedback. This is not provided by the user, but estimated by WebObserver. That is, the users read
filtered HTML documents by performing normal browsing behaviors, such as scrolling thumb up and down, bookmarking an
URL, following the hyperlinks in the filtered document, and the PIRW infers from the behaviors how much the user was
interested in each filtered document with a multi-layer neural network.

Search Internet using
web search engine

Internet Browser
Document-I1D

Reading time

Web Observer :D Following up
Scrolling

Bookmarking

Figure 4. Get the feedback by observing user behavior

3.1.5 Step 5: (Learning) Update the user profile

Basically, this consists of inserting new terms, removing existing terms, and adjusting term weights of profile terms using the
terms in the relevant/irrelevant documents (Figure 5). That is, if a term in the document estimated as “relevant” is included in the
user’s profile, the term receives user’s feedback as follows:

ka:ka+0‘ri' ifkeDi
where
r: relevance feedback to the filtered document Di
« : is the learning rate that controls learning speed.
Reading time
20 sec
Yes Following Up
No
Bookmark
Yes
Scrolling

Figure 5. Neural network used to update the importance of the profile terms

If a weight of a term is less than the threshold, the term is removed from the user’s profile. As the more relevant documents are
filtered by a term, the importance of that term will increase.

3.2 Subjects of the Experiment
We will test our system with 50 students from the Faculty of Computer Science at our volunteered as subjects. These 50 subjects

read total of 5,000 web documents during a period of 8 weeks.
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3.3 Proposed Method Validity

The validity of a measurement technique is the extent to which the technique measures what it is supposed to measure. In our
proposed method, we measure the user’s preferences. After a web browsing session is over, we will ask subjects to validate our
method. Subjects will be asked to rate each document they read in the last session using ChkDocument software. The
ChkDocument software uses the record of document identifiers (Doc-ID) to display contents of each document on users’
terminal and interviews subjects about impression of the document (see Figure 6). Then it will merge the records described
above and the impressions about documents, and send them into a data collecting server using ordinal e-mail messages.

The impressions of document was to be answered in four grade of ‘A’, *B’, ‘C’ or ‘F’ where ‘A’ means very interesting, ‘B’ means
interesting, ‘C’ means less interesting, and ‘F’ means not-interesting.

Input Impression
for each document

Document-1D
Reading time
Following up
:D Scrolling
Bookmarking

Impression for document (A, B, C, F)

ChkDocument

Figure 6. A method to validate the proposed system

3.4 Experiment Reliability
We will request subjects to behave as close to usual web-browsing session as possible during the experimental. Also, we will
request the followings to increase the reliability of the experiment:

* During the web-browsing session, subjects must wholeheartedly read documents and should not do other things such as
leaving the terminal a while to get a cup of coffee or read newly arrived e-mail messages.

« During the period of experiment, subjects should browse web everyday as possible.
Note that we separated the web-browsing session and the rating session for the same reason.

3.5 Performance Validity
Having designed a PIRW system, it is important to validate its performance and compare it with that of other conventional
feedback methods. We choose to compare PIRW performance with Rocchio, WH, and EG methods.

3.6 Experiment Design Method

Our experiment design is true experimental design that offers a greater degree of control and, as a result, greater internal validity.
Our experiment is within-subjects design (design 7) that all participants receive two (or possibly more) different treatments
simultaneously, and the potential effects of each treatment are observed. If we use the subscripts a and b to designate the
different treatments and treatment-specific measures, then, in its simplest form, the design is shown in Figure 7. In our experiment:

T _treatment is personalized web searching using explicit user feedback only.
Xa

T, treatment is personalized web searching using explicit and implicit user feedback.

Group Time >

TX Obs
a a

Group 1

Txb Obsb

Figure 7. Within-subjects design method
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3.7 Data Analysis and Results Presentation

We will analyze the correlation of value’s user behaviors to the relevance of documents retrieved. Therefore, four analyses will
be conducted and the results will be shown in bar charts:

1. Correlation between reading time and relevance of the filtered documents

2. Correlation between bookmarking and relevance of the filtered documents

3. Correlation between scrolling and relevance of the filtered documents

4. Correlation between following up hyperlinks and relevance of the filtered documents

We, also, will compare between the number of filtered documents and the average of explicit and implicit user relevance
feedbacks of the proposed method and the other feedback methods. Therefore, two comparisons will be done:

1. Comparison of the relevance with other relevance feedback methods by using explicit feedback. The X axis is the number of
filtered HTML documents and the Y axis is the average of explicit user relevance feedbacks.

2. Comparison of the relevance with other relevance feedback methods by using implicit feedback. The X axis is the number of
filtered HTML documents and the Y axis is the average of implicit user relevance feedbacks.

4, Conclusion

In this paper, we suggested a method for information filtering in web browsing to learn user’s preferences. The purposed method
observes user’s reactions to the filtered documents and learns from them the profiles for the individual users. Also, reinforcement
learning is used to adapt the most significant terms that best represent user’s interests. Then, we introduced our hypothesis and
assumptions of the problem and finally we presented our suggested methodology to test the effectiveness of our technique and
the way of gathering data.
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