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Abstract: With exponentially, increasing information becoming available on the Internet, Web search has become an indispensable
tool for Web users to gain desired information. Typically, Web users submit a short Web query consisting of a few words to search
engines. Because these queries are short and ambiguous, how to interpret he queries in terms of a set of target categories has become a
major research issue. The inference and analysis of user search goals can have a lot of advantages in improving search engine
relevance and user experience. It enhances the quality and delivery of internet information services to the end user, and improves Web
server system performance. Query classification, search result reorganization, and session boundary detection, approaches attempt to
infer user search goals[6] and intent, but has many limitations. In this paper we propose a novel approach that overcomes the

limitations and analyze, infer user search goals using feedback sessions.
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1. Introduction

Queries are submitted to search engines to represent the
information needs of users. However, sometimes queries
may not exactly represent User’s specific information needs
since many ambiguous queries may cover a broad topic and
different users may want to get information on different
aspects when they submit the same query. For example,
when the query “the sun” is submitted to a search engine,
some users want to locate the homepage of a United
Kingdom newspaper, while some others want to learn the
natural knowledge of the sun. Therefore, it is important and
potential to capture different user search goals in information
retrieval. User search goals are defined as the information on
different aspects of a query that user groups want to obtain.
Information need is a users particular desire to obtain
information to satisfy their need. User search goals can be
considered as the clusters of information needs for a query.
The inference and analysis of user search goals can have a
lot of advantages in improving search engine relevance and
user experience. The advantages are , we can restructure web
search results[7],[8],[9] according to user search goals by
grouping the search results with the same search goal ,thus
users with different search goals can easily find what they
want; user search goals represented by some keywords can
be utilized in suggesting query. Thus, the suggested queries
can help users to form their queries more precisely; the
distributions of user search goals can also be useful in
applications such as re-ranking web search results that
contain different user search goals.

1.1 Literature survey

Data Mining refers to extracting or “mining” knowledge
from large amounts of data. It is also called as knowledge
mining from data[10]. Search engine is one of the most
important applications in today’s internet. Users collect
required information through the search engine in the
internet. Analyzing user search goal is essential to provide
best result for which the user looks for in the internet. Due to

its usefulness, many works about user search goals analysis
have been investigated. Several studies were published on
inferring user search goals

Bringing Order to the Web: Automatically Categorizing
Search Results H. Chen and S. Dumais in 200 Presented web
pages within category structures. It uses a user interface that
organizes web search results into hierarchical categories.
Text classification algorithms were used for classification.
Category interface was superior to ranked list interface and it
was 50% faster at finding information that was categorized.
Also it allows users to focus on items in categories rather
than browsing al the results. But Categories covered full
range of web content and not al user queries matched the
category structure. In experiments conducted, 5-40% results
came under ‘Not Categorized’.

Optimizing Search Engines using Click-through Data This
paper proposed by T. Joachims in 202 presents an aproach to
automatically optimizing the retrieval quality of search
engines using click-through data. Intuitively, a god
information retrieval system should present relevant
documents high in the ranking, with less relevant documents
following below. The goal of this paper is to develop a
method that utilizes click-through data for training, namely
the query-log of the search engine in connection with the log
of links the users clicked on in the presented ranking. Such
click-through data is available in abundance and can be
recorded at very low cost. Taking a Support Vector Machine
(SVM)[14] approach, this paper presents a method for
learning retrieval functions. From a theoretical perspective,
this method is shown to be well-founded in a risk
minimization framework. Furthermore, it is shown to be
feasible even for large sets of queries and features.

Learning to cluster web search Results Paper proposed by H-
J Zeng, Z.Chen in 204 explains clustering[12] of documents
by extracting and ranking phrases as candidate cluster
names. The documents are assigned to candidate clusters and
final clusters are generated by merging these candidate
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clusters. Clustering algorithm takes snippets instead of whole
documents as input. Unsupervised clustering problem is
converted to supervised with some training data. The shorter
cluster names enabled users to quickly identify topics of a
specified cluster and clusters are ranked according to scores.
The disadvantage was that clustering was still inefficient and
a hierarchical structure of search results was necessary for
efficient browsing.

2. Motivation
2.1 Query classification

Web query classification is a problem in information
science. The task is to assign a Web search query to one or
more predefined categories, based on its topics. The
importance of query classification is underscored by many
services provided by Web search. A direct application is to
provide better search result pages for users with interests of
different categories. For example, the users issuing a Web
query “apple” might expect to see Web pages related to the
fruit apple, or they may prefer to see products or news
related to the computer company. Online advertisement
services can rely on the query classification results to
promote different products more accurately. Search result
pages can be grouped according to the categories predicted
by a query classification algorithm.

However, the computation of query classification is non-
trivial. Different from the document classification tasks,
queries submitted by Web search users are usually short and
ambiguous; also the meanings of the queries are evolving
over time. Since what users care about varies a lot for
different queries, finding suitable predefined search goal
classes is very difficult and impractical. Therefore, query
classification is much more difficult than traditional
document classification tasks.

2.2 Search result reorganization

With the exponential growth of the Internet, it has become
more and more difficult to find information. Web search
services such as AltaVista, InfoSeek, and MSN Web-Search
were introduced to help people find information on the web.
Most of these systems return a ranked list of web pages in
response to a user’s search request. Web pages on different
topics or different aspects of the same topic are mixed
together in the returned list. The user has to sift through a
long list to locate pages of interest. Since the 19th century,
librarians have used classification systems like Dewey and
Library of Congress classification to organize vast amounts
of information. More recently, Web directories such as
Yahoo! and Look-Smart have been used to classify Web
pages. The manual nature of the directory compiling process
makes it impossible to have as broad coverage as the search
engines, or to apply the same structure to intranet or local
files without additional manual effort.

This method has limitations ,since the number of different
clicked URLs of a query may be small. Since user feedback
is not considered, many noisy search results that are not

clicked by any users may be analyzed as well. Therefore,
these kind of methods cannot infer user search.

2.3 Session Boundary Detection

Detecting session boundaries on the Web is important for
several reasons. Firstly, it is important to establish a common
context for various statistics relating to user sessions and
frequency of user activities. More specifically, it is important
to detect some boundaries in order to group related
information together for other applications, such as learning
techniques for adaptive search engines.

To date, however, the notion of a session on the Web has not
been consistently defined, if it at all. The tendency has been
to group the log data that has been made available from one
user or IP address under the umbrella of one session
regardless of the length of time covered by the logs. This
tendency lacks a more user oriented view. Our argument is
that a session on the Web can be defined as a group of user
activities that are related to each other not only through an
evolving information need but also through close proximity
in time.

The identification of sessions themselves would be
straightforward if the role behind each query/activity was
known. However, automatically identifying a role is a
difficult task, and requires further information about the
background to the query from the session. Hence, the
identification of a session has to be done through other
information.

Activities in the same session are not only more likely to
share the same role at a conceptual level, but also are close
to each other in terms of generation time. Although there is a
time gap between two adjacent activities in the same session,
we think that the gap would usually be smaller than that
between two activities in the different sessions. A time span
called session interval could be defined in advance to be
used as a threshold. Two adjacent activities are counted in
two different sessions if the time between them exceeds this
threshold. Hence, the identification of session boundaries or
delimiters now effectively becomes a process of examining
the time gap between activities and their number of
occurrences and comparing with the session interval.

Ideally, a session should contain only those activities from
and only from one role. In this respect, the optimal session
interval should not be too large since the larger the gap, the
higher the risk of grouping activities from different roles
together — which results in the correctness of the role
information from other queries being reduced. However,
having too small a session interval also has its problems as
essentially there is less information available on the role at a
particular point in time. These methods only identifies
whether a pair of queries belong to the same goal or mission
and does not care what the goal is in detail.
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3. A Novel Approach to Infer User Search
Goals

A session for web search is a series of successive queries to
satisfy a single information need and some clicked search
results. Here we focus on inferring user search goals for a
particular query. Therefore, the single session containing
only one query is introduced, which distinguishes from the
conventional session. Meanwhile, the feedback session is
based on a single session, although it can be extended to the
whole session.

The proposed feedback session consists of both clicked and
un-clicked URLs and ends with the last URL that was
clicked in a single session. It is motivated that before the last
click, all the URLs have been scanned and evaluated by
users. Therefore, besides the clicked URLs, the un-clicked
ones before the last click should be a part of the user
feedbacks. Fig.1 shows an example of a feedback session
and a single session. In Fig. 1, the left part lists 10 search
results of the query “the sun” and the right part is a user’s
click sequence where “0” means “un-clicked.” The single
session includes all the 10 URLs, while the feedback session
only includes the seven URLs in the rectangular box. The
seven URLs consist of three clicked URLs and four un-
clicked URLSs in this example.

Since users scan the URLSs one by one from top to down, we
can consider that besides the three clicked URLSs, the four
un-clicked ones in the rectangular box have also been
browsed and evaluated by the user and they should
reasonably be a part of the user feedback. Inside the
feedback session, the clicked URLs tell what users require
and the un-clicked URLs reflect what users do not care
about. It should be noted that the un-clicked URLs after the
last clicked URL should not be included into the feedback
sessions since it is not certain whether they were scanned or
not.

Each feedback session can tell what a user requires and what
they do not care about. Moreover, there are plenty of diverse
feedback sessions in user click-through logs. Therefore, for
inferring user search goals, it is more efficient to analyze the
feedback sessions than to analyze the search results or
clicked URLSs directly

Click
Searchresults
sequence
www.thesun.co.uk/ 0

www.nineplanets.org/sol.html
www.solarviews.com/eng/sun.htm 2
en.wikipedia.org/wiki/Sun 0
www.thesunmagazine.org/ 0
www.space.com/sun/ 0
en.wikipedia.org/wiki/The_Sun_(newspaper) 3
0
0
0

imagine.gsfc.nasa.gov/docs/science/know_I1/sun.html
www.nasa.gov/worldbook/sun_worldbook.html

www.enchantedlearning.com/subjects/astronomy/sun/
Figure 1: A feedback session in a single session

Click Binary
sequence vector

Searchresults

www.thesun.co.uk/ 0 0
www.nineplanets.org/sol.htm! 1 1
www.solarviews.com/eng/sun.htm 2 1
en.wikipedia.org/wiki/Sun 0 0
www.thesunmagazine.org/ 0 0
www.space.com/sun/ 0 0
en.wikipedia.org/wiki/The_Sun_(newspaper) 3 1
Figure 2: The binary vector representation of a feedback

session

“0” in click sequence means “un-clicked.” All the 10 URLs
construct a single session. The URLs in the rectangular box
construct a feedback session.

Since feedback sessions vary a lot for different click-through
and queries, it is unsuitable to directly use feedback sessions
for inferring user search goals. Some representation method
is required to describe feedback sessions in a more efficient
and coherent way. There can be many kinds of feature
representations of feedback sessions. For example, Fig. 2
shows a popular binary vector method to represent a
feedback session. Same as Fig. 1, search results are the
URLs returned by the search engine when the query “the
sun” is submitted, and “0” represents “un-clicked” in the
click sequence. The binary vector [0110001] can be used to
represent the feedback session, where “1” represents
“clicked” and “0” represents “un-clicked.” However, since
different feedback sessions have different numbers of URLSs,
the binary vectors of different feedback sessions may have
different dimensions. Moreover, binary vector representation
is not informative enough to tell the contents of user search
goals. Therefore, it is improper to use methods such as the
binary vectors and new methods are needed to represent
feedback sessions.

For a query, users will usually have some vague keywords
representing their interests in their minds. They use these
keywords , i,.e goal texts to determine whether a document
can satisfy their needs. However, although goal texts can
reflect user information needs, they are latent and not
expressed explicitly. Therefore, we introduce pseudo-
documents as surrogates to approximate goal texts.

3.1 Pseudo-Documents to Infer User Search Goals
Pseudo-documents can be built in two steps:

1) Representing the URLSs in the Feedback Session

In the first step, the URLs are enriched with additional
textual contents by extracting the titles and snippets of the
returned URLs appearing in the feedback session. In this
way, each URL in a feedback session is represented by a
small text paragraph that consists of its title and snippet.
Then, some textual processes are implemented to those text
paragraphs, such as transforming all the letters to
lowercases, stemming and removing stop words.
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Figure 3: Representing URL’s
2)Forming  pseudo-document  based on URL

representations
In order to obtain the feature representation of a feedback
session, both clicked and un-clicked URLs are combined in
the feedback session. It is worth noting that people will also
skip some URLs because they are too similar to the previous
ones. In this situation, the “un-clicked” URLSs could wrongly
reduce the weight of some terms in the pseudo-documents to
some extent. However, our method can address this problem.

3.2 Clustering pseudo-documents to infer user search
goals

Pseudo-documents are clustered by K-means clustering [13]
which is simple and effective. Since we do not know the
exact number of user search goals for each query, we set K
to be five different values and perform clustering based on
these five values, respectively. The optimal value will be
determined through the evaluation criterion presented.

After clustering all the pseudo-documents, each cluster can
be considered as one user search goal. The center point of a
cluster is computed as the average of the vectors of all the
pseudo-documents in the cluster

Finally, the terms with the highest values in the center points
are used as the keywords to depict user search goals. Note
that an additional advantage of using this keyword-based
description is that the extracted keywords can also be
utilized to form a more meaningful query in query
recommendation [2], [4], [5] and thus can represent user
information needs more effectively.

Moreover, since we can get the number of the feedback
sessions in each cluster, the useful distributions of user
search goals can be obtained simultaneously. The ratio of the
number of the feedback sessions in one cluster and the total
number of all the feedback sessions is the distribution of the
corresponding user search goal.

4. Advantages of Clustering Feedback Sessions

1) Resampling using feedback sessions . If we view the
original URLSs in the search results as original samples, then
feedback sessions can be viewed as the “processed” samples
which differ from the original samples and reflect user
information needs. Without resampling, there could be many
noisy URLs in the search results, which are seldom clicked

by users. If we cluster the search results with these noisy
ones, the performance of clustering will degrade greatly.
However, feedback sessions actually “resample” the URLSs
and exclude those noisy ones. Furthermore, the resampling
by feedback sessions brings the information of user goal
distribution to the new samples. For instance, most URLS in
the search results of the query “the sun” are about the sun in
nature while most feedback sessions are about the
newspaper. Therefore, the introduction of feedback sessions
provides a more reasonable way for clustering.

2) Feedback session, a combination of several URLs. It can
reflect user information need more precisely and there are
plenty of feedback sessions to be analyzed.

For example, in Fig.3, the solid points represent the clicked
URLs mapped into a 2D space and we suppose that users
have two search goals: the star points belong to one goal and
the circle points belong to the other goal. The large ellipse in
Fig. 3 represents a feedback session which is the
combination of several clicked URLSs. (In order to clarify the
problem, we consider that feedback sessions only consist of
click URLs here. However, if un-clicked URLs are taken
into account to construct feedback sessions, they will contain
more information and be more efficient to be clustered.)
Since the number of the different clicked URLs may be
small, if we perform clustering directly on the points, it is
very difficult to segment them precisely. However,
supposing that most users have only one search goal, it is
much easier to segment the ellipses. From another point of
view, feedback sessions can also be viewed as a pre-
clustering of the clicked URLs for a more efficient
clustering. Moreover, the number of the combinations of the
clicked URLs can be much larger than the one of the clicked
URLSs themselves.

5. Conclusion

The inference and analysis of user search goals can be very
useful in improving search engine relevance and user
experience. Due to its usefulness, many works about user
search goals analysis such as query classification, search
result reorganization, and session boundary detection have
been investigated. However finding suitable predefined
search goal classes is very difficult and impractical using
these approaches. Since user feedback is not considered,
many noisy search results that are not clicked by any users
may be analyzed as well. To overcome these drawbacks ,a
novel approach has been proposed to infer user search goals
for a query by clustering its feedback sessions represented by
pseudo-documents. Feedback sessions can reflect user
information needs more efficiently. when users submit one
of the queries, the search engine uses feedback sessions and
return the results that are categorized into different groups
according to user search goals, allowing users find what they
require more conveniently.
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