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ABSTRACT

As resources on the World Wide Web (WWW) are grawiapidly, search engines have become an esstotlal
for people to find what they need on the Web. MilB of users’ queries are processed every dayurtgnt Web search
engines still have many disadvantages. Search engerve all users in the same way, regardlesshofsubmits the
query, even though each user will have differefibrimation needs, associated with each query théyngu For that
reason, search results should be adapted to u#drslifferent information needs. To solve this peoh, a personalised
web search is proposed that looks closely at eadividual user to predict their intentions. Thivieav focuses on two
major tasks in developing a personalised Web seangme: user profile modelling and personalisedrgexpansion,
both of which can help to improve information retal quality. A user profile aims to find the beser model to help a
system to predict user intentions or interestsevbdarching the Web, without any additional agtifiom the user, such as
explicit feedback. Personalised query expansiowidely used to decrease query ambiguity in infofaratretrieval,
expanding the user’s query by, for instance, additea terms with statistical relations to a setedévant documents or by

adding terms with a similar meaning.
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1. INTRODUCTION

Resources on the World Wide Web (WWW) are growiagjdly, and search engines process millions ofigser
every day. A user searching the Web for informatidrinterest does so by typing a keyword query tiedcribes the
information desired. Search engines usually lishynpages based on that keyword query, and thessulsequently
displayed in order of higher page ranking. But ¢hpages may not meet the searcher’s needs—for éxaaprogrammer
may enter the query “Java” while developing an igibn; similarly, a coffee buyer could potentjallse the same query
(“Java”) in searching for types of coffee to buypitally, a search engine will return the same ltedor both, regardless
of who issues the query and the context of thaquéar query issued. The problem is that the uderisvord-based query
is usually ambiguous to the search engine and wiatedescribe exactly what is needed. Users comrmissiie queries that
are very short, making the process of extractirg rtiost relevant pages among millions decidedhyicdif Based on
Onstat.com analysis of their log files over a twanath period, Speretta and Gauch (2005) reported/th@% of keyword
searches comprised three words or fewer while 3268arches comprised only two words. Categooraif Web pages
can help to decrease the ambiguity of a user’'sygograssociating query terms with a set of categoriBefore issuing a
query, the searcher can select an appropriateagtégm a hierarchy of categories (Liu, Yu, & M@n§or example, if a
category “programming” is associated with the tédava”, the intended search becomes clearer. Casagjon of all

vocabularies is usually substantial, and in conerge, a user may struggle to find the appropriataspto identify the
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appropriate category. A user profile consists édrimation about specific user interests that camded to narrow down
the number of retrieved pages, presenting thosd netevant to the user in the current session. riiprove retrieval
quality, there are three areas of immediate reledao this work: modelling user tasks by buildingser profile for each
individual user; personalization based on the sdaistorical behaviour, including short- and loegat user interests; and
mining other users’ search behaviours to find @milusers and so complement and improve web search

personalization(White et al.).

This review discusses several approaches to thelafawent of a user profile-based personalised Weealch to
improve retrieval quality. It is organised as fellm Section 2 discusses several techniques of melelling for
personalised searches. Section 4 discusses a naihtemrhniques used in recent studies on queryresipa to improve

personalised search retrieval quality. The conalgidiection presents a summary of findings.
2. USER PROFILE MODELLING

The main purpose of user profile modelling is tteirthe user’ sinterests, helping to envisage vitfarmation
will meet the user’s needs, to be employed in syilset queries. Several available techniques cgn tbetonstruct the
user profile. The basic strategy in volvesa searajine asking the user to explicitly specify whigdb pages are relevant
or irrelevant or to rate the results—for exampldvédry bad up to 5 ¢ery good. This is calledexplicit feedbackwhere
additional user action is required (Shen, Tan, &iZiBsugiyama, Hatano, & Yoshikawa, 2004). Somedeangines ask
searchers to setup their personal profile by regisg details such as their interests, occupatige,and so on, which will
then be used by the system to predict the seasclmrél of interest in the retrieved Web pages {fumga et al.). Such
systems require additional actions from searcheabtain the information needed, and searcherdlyguafer a simpler
method. A more efficient process is to deduce tiferimation needs of searchers without any additi@udions or
interactions. This type of feedback is caliegplicit feedbackShen et al., 2005). There are many studies ofmselelling

to support personalised Web searches that enhatraeval quality and accuracy.
2.1 Personalisation based on User Search History

Many current search engines track and maintaines’susearch history to learn about their interesid so
construct an individual user model. Informationritecan be extracted from the user’s history, inolugrevious queries,
relevant Web pages and categories that relatestoutrent query submitted by the user (Liu et aljis can be modelled
asa hierarchy tree with root node “Term” as showirigure 1. The child nodes of the root represesgteof categories.
The leaves are documents associated with the peaitggory (Bounoy & Walairacht, 2010). For examphe, word “Java”
is related to both the “programming” and “coffeedtegories. The search engine should implementtaféiedesign and
analysis algorithms to generate the relationshtp/éen query terms and categories, extracting tseresults to meet the

individual user’s preferences (Bounoy & Walaira@@10).
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Figure 1: Model of Category Hierarchy in User Searh History

Sugiyama et al. (2004) argued that each individsal’s preferences consist of two phases: shart-terd long-
term preferences. In the case of short-term preéer® the user’s profile is constructed only onlihsis of the current
session. For example, a user searches for a “us&docbuy, and eventually finds and purchasesitalsie car. It follows
that the user is no longer interested in such decusn(Shen et al.). In the case of long-term peeifegs, the user’s profile
grows continuously over time with subsequent Wearde sessions; indeed, it is likely that users querf different
searches and different browsing behaviours onaheesday (Sugiyama et al.).

Another technique, proposed by Chegian, Kequanh&tgsand Shoubin (2010)constructs the user prbéised
on user clicks history. The system records the pidlgeand keywords used along with a summary of eicked link for
each user, and these a reindexed and scored ustené. Applying theNaive Baye<lassification algorithm and the
support vector machingSVM) re-sorting algorithm, Cheqian et al. arguakdt the system improves retrieval quality in a

short time.

Liu et al. (2004) proposed a two-step strategyniprbve retrieval quality, based on constructingseris profile
by means of a weighted concept hierarchy assenflded the individual user’s search history. Theyoatiscussed the
construction of a general profile based on the agiezctory project (ODP) hierarchy of categorieasBd on these two
profiles, the system should automatically detedtable categories related to each query. As a $isp, for each query
issued, the system automatically detects a snmiatifseategories for each user, based on their bdastories. As a second
step, the system uses that set of categoriesrievetrelated web pages. Each category in thepredite consists of a set
of query terms, and each term has a weight, caéio represent a user’s level of interest inecsje category(Liu et
al.). The general profile is structured in the sawmy as the user’s profile but for general knowkdgll users),
constructed before the user’s profile and obtaiinech the ODP category hierarchy (Bounoy & Walaijciihe terms in
the submitted query are compared with terms storezhch category in the user proéite as well as with those in the

general profilec9created by the cosine function as follows (Liulét a

Sim(q, ¢) = max(Sim(q, c*),Sim(q,c9))

Other experiments by (Liu et al.)and(Bounoy & Wdaht)indicated that using a user profile combingith the

general profile achieves greater accuracy thargusnty the user profile or the general profile indually.

Speretta and Gauch (2005)implemented a Google Wrappmonitor search history for a set of users;efach user, they
collected two types of information: queries subed{ind at least one page examined) and snippesssting of title and
summary for pages examined by the user. The ugesfde was constructed by classifying these twgety of information

into a concept hierarchy based on ODP, and thesteaning two different profiles individually andomparing the
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weights. After submitting a query to the Google Ypar, the result snippets were also classifiechguie same reference
concept hierarchy. The similarity between resuipsets and user profile concepts was calculatedef@anking of results,

where a higher page ranking represents higherintezest.
2.2 Collaborative Filtering for Similar User Profiles

Collaborative filteringis a set of popular algorithms that recommend stérased on the preferences of similar
users; if a set of users share similar interestsitean preferred by any user can be recommendegthters in the set
(Sun, Zeng, Liu, Lu, & Chen, 2005). Sugiyama et(a004) argued that this technique can usefullynip@emented to
predict auser’s interests form other similar us&tdgs can be represented as the missing value grobi the user-item

weights matrix, where there are insufficient datandich to base predictions.

Figure 2 illustrates a simple example of a user-term weighdsrix; when the user visit a new Web page, new
terms are appended to the user’s profile, but lasratsers may not have visited the same page,ngisaiues occur in the
user-term weight matrix. Collaborative filteringgatithms are used to complete these missing val8egiyama et al.,
2004).

Table 1
Term1 | Term2 | ... | Term C | ...
User1l| 0.754 0.805 0.543
User 2| 0.545 0.795 0.765
User A 0.645

Figure 2. User-term matrix for modified collabovatifiltering.

Sugiyama et al. (2004)experiment evaluated retriagauracy based on three techniques: relevanaibées,
pure search history and modified collaborativeefiig. The evaluation indicates that modified dwdiative filtering

achieves the best accuracy of personalisation.
2.3 User Profile Based on Ontological User Profiles

Another approach is to construct ontological usefiles by allocating derived interest scores taent concepts
in a domain ontology. Usingsp reading activation algorithmuser’s interest scores (based on the user’'s oggoin
behaviour) can be stored in their user profile, atpdy annotation for the current concept (Sieg, Mbier, & Burke,
2007). The user profile is structured as a catedoeyarchy of Web pages. The relationship betweamcepts and
categories plays an important role in constructintplogical user profiles (Sieg et al.). Interesires for each concept for
each user profile are initialized by 1; whenever tiser is viewing a new Web page, the ontologioafilp is updated, and
annotation of the current concept is redefined dpyasating activation; the interest score for therent concept is then

updated incrementally (Sieg et al.). Figure 3 tHates personalised Web search based on useregrofil
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Figure 3: Personalised Web Search Based on Ontolegl User Profiles (Sieg Et Al.)
1. 3. Query Expansion Approaches

Query expansion is commonly used in informatiomigeal to reduce query ambiguity by expanding tseris
qguery by adding extra terms with statistical relasi to a set of relevant documents or by addingngewith similar
meanings (Jayanthi, Jayakumar, & Akalya, 2011).rSipeeries are the most common; for any searchnengnost queries
consist of 1-3 words (Speretta & Gauch) and cadestribe abuser’s needs. Another difficulty relatethe dictionary
problem—for example, where two users have the same sa@#gsition, the probability that they will issueiangar query
is less than 20%, and the search engine will thegefeturn different results (Jayanthi et al.).SimarKhan and Khor
(2004) proposed key phrase identificatioalgorithm, based on the documents retrieved byotiggnal query. Although
they reported that this algorithm can effectivetp@nd the query string and retrieve more relevaguthents, their study
is not dealing with a personalisation web search.

In his article “Global analysis and local analysiglly (2008) describes two principal methods foregu
expansion. An example of global analysis is addiew terms from other external resources (suchthgsaurus) to the
original query before searching. In contrast, loaablysis involves the formulation of anew quergnir documents
retrieved on the basis of the original query(Jayast al.). For example, when users submit a seéinehsystem returns the
results and then collates the user’s interest afiditiexplicit relevance feedback to retrieve ralat documents. The new
query is then formulated on the basis of these mhecits to make the query more powerful. Such a systeknown as
personalised query expansion (Jayanthi et al.; 8hdthan & Khor).

3.1 Query Expansion Based on Semantic Similarity d?hrases

Jayanthi et al. (2011) proposed a framework fospealised query expansion based on phrase similsing a
global analysis method. The process is in two Stagey phrase extraction and semantic similarityasneed against
phrases from the initial query (Jayanthi et alhey also proposedarofile-based phrase weigligorithm, which gathers
all relevant terms from Word Net and user inteffestn the user profile When the user query searcbulamitted, all
relevant terms from Word Net are gathered to forralavant phrase list. Candidate phrase sets degnel by fixing the
occurrence threshold. For each term in the relephrdse list, term frequency is calculated fromtities and summaries
in the initial result. If the term frequency is eduo or greater than the threshold, it will be apged to the candidate

phrase set (Jayanthi et al.). The term weightds talculated as follows:

Y

rp

wherelfis the term frequency in all documents, grid the total number of relevant phrases in the list
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(Jayanthi et al.). Candidate phrases are reweighidtie basis of user profiles. Next, related pfsase ranked, and those
most similar to the query (from the top n phrases)selected to form “set SP hraseExp and” to kaiildlevant link list;
the most preferred links will be used (Jayanthalgt This work suggests that the framework impeoketrieval by getting

closer to the user’s intention.
3.2 Probabilistic Query Expansion

Palleti, Karnick, and Mitra (2007) proposed perdised Web search methods based on probabilisticyque
expansion. Where the data in a user profile arafficient to make a prediction, their system pemfsrcollaborative
filtering for automatic prediction of user interestom other similar users and then upssudo query term selection
enhance the user query. Their experiment use®thaufa below to selectaseudo query ternibased on the original query

and search history (queries/documents):
Pseudo Query Termargmaxqi eQSP(qi|dj),

wherey; represents the query term in the user’'s querypmadious queriesQuery Spaceandd, represents the
user’s query term, which does not exist in previqusries (Palleti et al., 2007). The browsing histof each user is

processed for the query session as follows:
QuerySession = < query > [clickedDocument,releventDocument] =

Similarity is calculated as follows:

P(dﬁQJ X P(q;)
P(d;)

P(qi|dj) =

P(dla)= ) P(dID) x P(Dilg),

YDy ES

whereP(q;) represents the ratio of the number of query sassiowhich the query term exists in the document t
the total number of query session existing in teris query space; anel(d;) represents the ratio of the total term
frequency ofd; in the user’s document space relative to the tetath frequency of all document terms existinghe t
user’'s document space (Palleti et al., 2007). WBaepresents a set of documents in the user qusesjosespace, which
containsg;, Palleti et al. (2007) argued that performancgdsificantly improved and the system does not iregexplicit
relevance feedback.

4. CONCLUSIONS

This review has discussed a number of approachessingecent studies of personalised Web searanpgoove
retrieval quality. The focus here was on two mapsks in personalised Web search engine developraset profile
modelling and personalized query expansion. Thppeoaches differ in their construction of user pesfto find the user
model that will best help a system to predict tlseris intentions or interests while searching theb\Wwvithout any

additional activity from the user. The present repas described methods that include the use plidginfeedback such as
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mouse clicks and movement and search history, whdtr long- or short-term user preferences. Th®logical user

profiles technique, and how it improves the userdehowas also discussed. The discussed approacse] ton

personalised query expansion show that these iredrdermation retrieval in respect of individualensntentions.
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