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Abstract: However, the primary means of accessing
information online is still through keyword queries to
a search engine. A complex task such as travel
arrangement has to be broken down into a number of
co-dependent steps over a period of time. For
instance, a user may first search on possible
destinations,timeline, events, etc. After deciding
when and where to go, the user may then search for
the most suitable arrangements for air tickets, rental
cars, loding, meals, etc. Each step requires one or
more queries, and each query results in one or more
clicks on relevant page€ne important step towards
enabling services and features that can help users
during their complex search quests online is the
capabilty to identify and group related queries
together. Recently, some of the major search engines
have introduced a new
which allows users to track their online searches by
recording their queries and clicBjng search engine
on Feboary of 2010. This history includes a
sequence of four queries displayed in reverse
chronological order together with their corresponding
clicks. In addition to viewing their search history,
users can manipulate it by manually editing and
organizing relaté queries and clicks into groups, or
by sharing them with their friends. While these
features are helpful, the manual efforts involved can
be disruptive and will be untenable as the search

history gets longer over time
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l. Introduction

Information seeking skills have become more
important in the last few decadeslagye amounts of
easyto-access information in everyday life became
prevalentthrough electronic means and end users
started searching for information inomputerized
sources. Factors enhancing and supporting
information seeking varyrom physical tools (print
human and electronic

and electronic) to

intermediaries andpecific skills and knowledge. The

overall goal of thé dissertation is to makee ar c her s 6

jobs easier in finding information in electronic

environments.

featur e,
on sets

Hi storyo
The di ssertati

behavior in order to identify andescribe search
history use and areas of potential use. A thorough
descrigiion of thenature and role of search histories
will form a theoretical framework on which to base
interface designs. This framework will be developed
through several iterationsHistory information in
informationseeking environments can be applied in
mary different areas. This research aims to identify
potential areas of use for automaticadlyd manually
recorded history information to enhance information

seeking interfaced].

Information seeking as a process is part of the

larger task of the user. Whesearchers look for
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information using the same computer they use for
creating documents or for other tasks, the search
system should help seamlessly embkedrching into

the larger work process context. Recording the
history of actions nobnly in searchig, but also in
other processes can help create a continuum between
the various tasks. The recorded search history can
al so

hel p cust omi meeds Byy st

analyzing log of previous actions.

Another dimension of integration is extending or
sharing search histories witlother users. Recorded
histories are good candidates for sharing with others,
searchersoften record this information in order to
share it. Although this topic is not at tbenter of the
the

histories are too strong tgnore and are discussed.

dissertation, implications of sharing sdar

The goal of the dissertation is to provide a
foundation for designingimproved information
seeking user interfaces that incorporate search history
data. Search histories provide a continuity between
past, present and future actions througdiking these
more easily available. History information can be
utilized in humancomputer interfaces in three ways.
Explicit search history displays can give users
overviews of the whole of the search process,
navigation aids between the differestep and even
tools for further query formulation or information
exploration. Searchhistory information can be
integrated in other parts of informatiseeking
interfacesas well. They can enhance displays by
showing relabnships between steps (e.cesult lists
by showing what items have been returned
previously, can contribute televance feedback and
recommendation systems, and so on. This implicit

use ofhistory information needs to be part of any

consideration of iterface designs buildingn this

information. A third area of application for search
histories involves interfacetools built on the

availability of search histories, or tools provided to
complement andfurther manage search histories.
Tools in this categy can include features to transfer
information from finding to using or tools to help

searsherstoiganize sesultsdiledied
Il. Related Work

Teevan andEytan Adarstated thaPeople often
repeat Web searches, both to find new information on
topics they hve previously explored and to-fiad
information they have seen in the past. The query
associated with a repeat search may differ from the
initial query but can nonetheless lead to clicks on the
same results. This paper explores repeat search
behavior though the analysis of a oyear Web
query log of 114 anonymous users and a separate
controlled survey of an additional 119 volunteers.
Our study demonstrates that as many as 40% of all
queries are rinding queries. Rdinding appears to
be an importantbehavior for search engines to
explicitly support, and we explore how this can be
done. We demonstrate that changes to search engine
results can hinder +nding, and provide a way to
automatically detect repeat sda@s and predict

repeat clicks.

Amanda Spink and Minsoo Parkstated thatA
users single session with a Web search engine or
information retrieval (IR) system may consist of
seeking information on single or multiple topics, and
switch between tasks or multitasking information
behavior. Most Wl searchsessions consist of two
queries of approximately two words. However, some

Web search sessions consist of thremore queries.
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We from

of two-query search sessions on the AltaVigiab

present yndings
search engine, dnsecond, a study of three or more
query search sessions on the AltaVista Web search
engine. We examine the degree of multitasking
search and information task switching during these
two sets of AltaVistaVeb search sessions. A sample
of two-query and thre@r more query sessions were
yltered from AltaVista transactiofogs from 2002
and qualitatively analyzed. Sessions ranged in
duration from less than a minute to a few hours.
Findings include: (1) 81% of twequery sessions
included multiple topics, (2) 93% of three or more
guery sessions included ntiple topics, (3) there are

a broad variety of topics in multitasking search
sessions, and (4) three or more query sessions
sometimes contained frequent topic changes.
Multitasking is found to be a growing ehent in
Web searching. Thipaper proposes an approach to
interactive information retrieval (IR) contextually

within a multitasking framework

Rosie Jonesand Kristina Lisa Klinkner stated
that Most analysis of web search relevance and
performance takegsingle query as the unit of search
engine interaction. Whestudies attempt to group
gueries together by task or sessi@ntimeout is
typically used to identify the boundary. However,
users query search engines in order to accomplish
tasksat a variety ofgranularities, issuing multiple
queries as thewttempt to accomplish tasks. In this
work we study reakessions manually labeled into
hierarchical tasks, and shawat timeouts, whatever
their length, are of limited utilityn identifying task
boundaries achieving a maximum precisiaf only
70%. We report on properties of this seatelsk

hierarchy, as seen in a random sample of user

t imteractorisfurdo s a

maj et ,
annotated byhuman editors, learning that 17% of
tasks are interleavedand 20% are hierarchically
organized. No previous work haanalyzed or
addressed automatic identification of interleaaad
hierarchically organized search tasks. We propose
the

segment ati on querf streamseins 6

and evaluate a method for automated
hierarchical units. Our classifiers camprove on
timeout segmentation, as well as other previously
published approaches, bringing the accuracy up to
92%for identifying finegrained task boundaries, and
89-97% for identifying pairs of queries from the
same task when taslkse interleaved hierarchically.
This is the first work to identify,measure and
automatically segment sequences of ugeries into
their hierarchical structure. The ability to perform
this kind of segmentation paves the way for
evalating search engines in terms of user task

completion.

Paolo Boldiand Francesco Bonchi stated that
Query logs record the queries and the actions of the
users ofsearch engines, and as such they contain
valuable information about the interests, the
prefeences, and the behaviof the users, as well as
their implicit feedback to searchengineesults.
Mining the wealth of information availablan the
query logs has many important applications including
querylog analysis, user profiling and personalization,
advertisingquery recommendation, and mohe this
paper we introduce the queflpw graph, a graph
representation of the interesting knowledge about
latent queryingbehavior. Intuitively, in the query
flow graph a directe@dge from query qi to queryj q
means that the two queriase likely to be part of the

same fnAsearch

25 | www.ijdcst.com

wa bstseay ch

moves the quemflow Any



IJDCST @Feb-March Issue- V-2, I-3, SW-04
ISSN-2320-7884 (Online)
ISSN-2321-0257 (Print)

graph may be seen as a searching behawibose
likelihood is given by the strength of the edgdsng
the path.

Il Existing System

Dynamic Query Grouping:

One approach to thielentification of query
groups is to first treat everyqueryn a user 0s
as a singleton query group, and thewmrge these
singleton query groups in an iterative fash{ona k
means oragglomerative way However, this is
impractical in our scenario for two reasons. Fiitst,

may have the undesirable

own manual efforts in organizing her history. Second,

between the current query singletgroup sc and an
existing query group si 2 S. Theage a humbebf
possible approaches to determine thelevance
between sc and si. Below, we outline a numbkr
different relevance metrics that we will later use as
baselires in experimentsWe will also discuss the
pros and cons of such metrics as well asppaposel
appraght o sing search logs Time. One may
assume that sc and si are somehelevant if the

queries appear close to each othertime in the

userbés history. | nthatousehse r

generally issue very similar queries and cligkthin

WO T C

8 phork reriod gf ftimee I dhis §ase, yve defing 1@ r 6 s
existing query groups, p o folowingjtimebpsed rgleyanee metyc simiinge thats e 1 6 s

canbeused in place of sim in Figure

it involves a high computational dpsince we would
have to repeat a large number of query group
similarity computations for every new queris in
online clustering algorithms [9], we perforrhe
grouping in a similar dynamic fashion, whereby we
first place the current query and clickstana
singleton query group sc = {qc, clkc}, and then
compare it witheach existing query group si within a
user 6 s hisis2tS). Tye o\ernall prpocess of
identifying query groupsis presented in Figure
Given sc, we determine if thel@e existing gery
groups sufficiently relevant to sc. $b, we merge sc
with the query group s having théghest similarity
max above or equal to the threshsldh. Otherwise,
we keep sc as a new singleton qugryup and insert

it into S.

Query (or Query Group) Relevance

To ensure thateach query group contains

SelectBestQueryGroup
Input:

1) the current singleton query group sc containing the

current query gc and set dfcks clkc

2) a set of existing query groups S ={s1, ..., sm}

3) a similarity threshold sim, 0 sim 1

Output: The query group s that best matches sc, or a

new one if necessary
(0)s=;

(1) max = sim
(2)fori=1tom

( 3) if sim(sc, si) > max
(4) s=si

(5) max = sim(sc, si)
(6)ifs=;
(7)S=S][sc
(8)s=sc

(9) returns

closely related and relevagueries and clicks, it is

important to have a suitable relevanoeasure sim
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Fig. 1 Algorithm for selecting the query group
that is themost similar to the given query and clicked
URLs.

V. Proposed System

QUERY RELEVANCE USING SEARCH LOGS

We row develop the machinery to define the
query relevance based on Web search logs. Our
measure ofrelevance is aimed at capturing two
important propertiesf relevant queries, namely: (1)
queries that frequently appear together as
reformulations and (2) quiess thathave induced the
users to click on similar sets of pag¥ge start our
discussion by introducing three seardtehavior
graphs that capture the aforementioned properties.
Following that, we show how we can use these
graphs to compute query relevanand how we can
the <cli

i ncorporate cks

orderto enhance our relevance metric.

Computing Query Relevance
Having introduced the search behavior

graphs in theprevious section, we now compute the

relevance betweetwo queries. Mre specifically, for

a given usequery g, we compute a relevance vector

using QFG,where each entry corresponds to the

relevance value afach query ¢f VQ to g.

The edges in QFG correspond to pairs of
relevantqueries extracted from the query logs &émel
click logs. However, it is not sufficiently effective to
use thepairwise relevance values directly expressed
in QFG asour query relevance scores. Let us
consider a vectorq, where each entry, rq(qj), is wf
(g, qj ) if there existan edge from q tqj in QFG,
and 0 otherwise. Onstraightforward approach for

computing the relevana# qgj to q is to use this rq(qj)

value. However, althoughhis may work well in

some cases, it will fail to capturelevant queries that
are not directly connected in QR@nd thus rq(qj) =

0).

Therefore, for a given query g, we suggest a
more generic approach of obtaining query relevance
by defininga Markov chain for g, MCq, over the
given graph,QFG, and computing the stationary
distribution of thechain.We refer to tki stationary
distribution as the fusiorelevance vector of g, relfr
, and use it as a measure of queslevance
throughout this paper.

In a typical scenario, the stationary
probability distributionof MCqg can be estimated
using the matrix multiplicatiormethod, where the
matrix corresponding td1Cq is multiplied by itself
iteratively until the resultingmatrix reaches a

fixpoint. However, given our setting ohaving

foll owi a user ds er
thousan\gs oPu%ers Issuing queries and c(ﬁcl['mah y

time and the huge size of QFG, # infeasible to
perform the expensive matrix multiplication to
computethe stationary distribution whenever a new
query comesn. Instead, we pick the most efficient
Monte Carlo randomvalk simulation method among
the ones presenteth, and use it on QFGot
approximate the stationadystribution for g. Figure 2

outlines our algorithm.

Relevance(q)

Input:

1) the query fusion graph, QFG

2) the jump vector, g

3) the damping factor, d

4) the total number of random walks, numRWs
5) the size of neighborhood, wtdops

6) the given query, q
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Output: the fusion relevance vector for g, relF

q
( 0) Initialize relF
q=0

(1) numWalks = 0; numVisits = 0

( 2) while numWalks < numRWs

(3) numHops =0;v=gq

( 4) while v 6= NULL * numHops < maxHops
(5) numHops++

(6) relF

g (v)++; numVisits++

Our query grouping algorithmelies heavily on
the use of search logs in two wayisst, to construct
the query fusion graph used in computiggery
relevance, and, second, to expand theo$efueries
considered when computing query relevantée
start our experimental evaluation, by investigating
how we can make the most out of the search logs. In
our first experiment, we studyhow we should
combinethe query graphs coming from the query

reformulationsand the clicks within our query log

(7) v = SelectNextNodeToVisit (v) 0.2
( 8) numWalks++ g

) 5 0.15
(9) For each v, normalize relF E / Existing
q (V) =relF H.: o -/ PFroposed
g (v)/numVisits E 0.05

0 T T T

Fig. 2 Algorithm for calculating the query relevance 2 4 & 8
by simulating random walks over the query fusion Number of queries

graph.

V. Experimental Results

Experimental Setup

Figure 3: Varying query results in both existing
and proposed approaches.
Above graph describes the horizontatis

represents _ (i.e., how much weight we givetie

We study the behavior and performance of  q,ery edges coming from the query reformulation
our algorithms on partiti ggshhile fhe vBrics bx Shovk the peMornddcSt 0T Y

into one or more groups of related queries. For o oyr algorithm in terms of the Randindeetric.
exampl e, for the sequence of qgueries iCari bbean

crui seo; fibank dcbfenAmeriﬁcfac‘(yl;anr”tgn&&ign

statement 0, we woul d

expect two output partitions:

first, {ficaribbean cruisedo, NGQUYormulations baged eniclick graphsy ¢ o

travetr el at ed gueri es,
Americao, Afinanci al

moneyrelated queries.

Using Search Log

and. condan Cugefyldinformqtiqp P8 HSer bepayior when
s t aeUGHE g Fop Wip Pracess jwe e ysigg
different  informative techniques like page rank
operations for analyzing the user histories. In this

paper we propose to develop the efficient data

extraction based on click graph results. We also find
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value in combining our method with keyword

similarity-based methods, especially when there is

insufficient usage information about the queries. As

future work, we intend to investigate the usefulness

of the knowledge gained from these query groups in

various applications such as providing query

suggestions and biasing the ranking of search results.
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