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Abstract

The Web is a huge read-write information space where mamysiteuch as documents, images
or other multimedia can be accessed. In this context, devdoamation technologies have been
developed to help users to satisfy their searching needseoWeb, and the most used are search
engines. Search engines allow users to find Web resourcesiietting queries (a set of terms) and
reviewing a list of answers.

One of the most challenging goals for the Web community istagh search engines that allow
users to find resources semantically connected to theiieguefhe huge size of the Web and the
vagueness of the most commonly used terms to formulate equstill poses a huge problem to
achieves this goal.

In this thesis we propose to explore the user’s clicks reggstin the search engine logs in order
to learn how users search and also in order to design algmwithat could improve the precision of
the answers suggested to users. We start by exploring tipenies of the user’s click data. This
exploration allows us to determine the sparse nature of #it@ providing users behavior models
that help us to understand how users search in search engines

Secondly, we will explore the user’s click data to find usefsbociations among queries reg-
istered in the logs. We will focus the efforts on the desigrieahniques that will allow users to
find better queries than the original query. As an applicatiwe will design query reformulation
methods that will help users to find more useful terms in otdeepresent their needs.

On using document terms we will build vectorial represéatet for queries. By applying clus-
tering techniques we are able to compute clusters of simileries. Using query clusters, we
provide techniques for document and query suggestionshwaliows us to improve the precision
of the answer lists.

Finally we will design query classification techniques thldw us to find concepts semantically
related with the original query. In order to do this, we clfgsthe users’s queries into a Web
directory. As an application, we provide methods for thenteiance of the directory.
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Chapter 1

Introduction

1.1 Motivation

At the end of the nineties, Bharat and Broder [BB98] estimate size of the Web to be
around 200 million static pages. Recently, Gulli and SigndGS05] pointed out that the
number of indexable documents in the Web exceeds 11.5rillibe large size of the Web
has impulsed the continuous development of a class of sgdtesih help the users search
for documents on the Web. These systems, known as searatesr{Google [Goo], Yahoo
[Yah], MSN Search [Sea] and Ask Jeeves [Jee], among othgix®,the users a simple
interface by means of which to enter a set of terms known asegue

Search engines return a list of documents sorted by a redlevaweasure with regard
to a query, known aanswer listsSfBYRN99]. The answer lists can comprise millions
of documents due to the size of the Web. This fact implies thaty of them may be
marginally relevant or may contain poor quality materialheTanswer lists are usually
generated using enking functionthat measures the relevance of the documents to the
guery submitted.

Of course, in answer lists not all the answers are relevatitdasers. In fact, only a
fraction of the retrieved documents is relevant. This foacts called theprecisionof the
answer lists [BYRN99], usually taken in a fixed number ofialitesults. Henzingeet al.
[DH99] points out that one of the most important challenged/eb research is to improve
the precision of the answer lists. At the present time, theanreaarch engines agree on
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the type of data that they use to compute their answer listgchvmainly involves the
link structure of the Welnd thedocument termsHowever, the use of these data sources

introduces several problems.
The first ranking functions based on the Vectorial model dorimation Retrieval

[BYRN99] were based on document terms. However, these rdsthoesented several
problems that affected the precision of the answer list®ranthem the following:

4.

Synonomy many documents or queries relevant to a topic might notestier same
words [Cha03].

Polysemic querieqjueries with the same descriptive text may have differezdm
ings in the same or in different languages [Cha03].

Spamdexing it is common for documents to include artificial repetisoof words,
which allow them to appear higher in the answer lists [Nat98]

Quality the text itself does not always reflects the quality of theutnent [BY04].

In order to improve the precision of the answer lists, seawtines have incorpo-
rated the Web link structure in ranking functions. It is worentioning the link-based
algorithms PageRank [BP98] and HITS [Kle99], which imprdive performance over the
algorithms based on terms. This is mainly due to the facttti@Web link structure helps
to identify hubs and authorities in specific topics. Howetleese algorithms also present
problems that affect the precision of the answer lists, sscthe following:

1. Visibility: HITS as well as PageRank assume that the content of a dotismeare

relevant as if it is referenced by a larger quantity of refg\documents, a character-
istic calledvisibility. However, a visible document does not necessarily have more
valuable content than other documents with fewer referepo@nting to them. For
example, new documents cannot be very visible even whendbweient is high qual-

ity.

1The termspamdexings a portmanteau of spamming and indexing.
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2. Subjective referencingthe links among Web documents are placed by users who
publish the documents. These users form a particular grotiprvthe universe of
users of the Web. Due to the fact that the users who create ¥g¢eluces can be
considered as a group with some degree of expertise, tHenerees are usually
biased. Researches on evaluation methods of traditicimaihiation retrieval models
conclude that the judgements of a group of expert users aa@lygpartial [LS68,
FS91].

3. Link spamminglt is common for Web sites to get people giving links to théris
is most easily accomplished using web resources where yopast any kind of
content, such as on wikis, in blog comments, and in guestsothus, these kind of
links do not represent the quality of the site but improveatking [GGMO05].

Fortunately, the text and the link structure of the Web arethe only relevant data
sources for this task. It is also possible to incorporateutes’s click data.

Users express their choices by selecting some of the ramieuess suggested by the
search engine. Thisnplicit feedbaclkirom the users to the search engine could allow to
determine high-quality document not identifiable by thewtoent terms and link-based
methods.

At this point, it is worth asking the following question. Atiee user’s clicks useful to
identify high-quality documents in the Web? The appropise of the user’s feedback
should improve the precision of the answer lists becauseeofailowing reasons:

1. Semanticsthe users select the documents that have a higher relelianeese they
know the meaning of their queries [PP02].

2. Quality. the users select those documents which they identify derbaality re-
sources for their queries [ZD02].

3. Freshnessthe users select the documents that have better meanihg atdment
that they submit their queries [PP02].

4. Non-subjective evaluatiorthe users form an heterogeneous group, therefore their
preferences are not partial [RS67, LS68, FS91].
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When the user’s feedback is incorporated into the calaradf answer lists, we may
describe, as a process, the relationships among the actoisad. Following [BYRN99]
this process is known as tlhiser feedback cyclén this process users, queries, documents
and search engines are involved. When the user feedbaakisyused to identify relevant
resources that other methods cannot identify, we talk absert relevance feedbaclkhe
final goal of the methods that work with user feedback is taudate relevance measures
that could be useful to determine quality resources.

Two kinds of user feedback methods could be considered sipthint. Traditional
methods usexplicit user feedbagksuch as the specification of keywords or the selection
of documents in query time. These kinds of methods forcesusedo additional tasks
beyond their normal searching activities. As a consequetheeeffectiveness of these
methods can be limited.

In this thesis we study another kind of user feedback methiogdicit user feedback
These kinds of techniques obtain information about useds ey watching their natural
interactions with search engines. The main advantage eéthreethods is that such tech-
niques do not require an additional effort from the user aechat obtrusive.

The fundamental question about which observable user @aan be used as source
of implicit measures of relevance is addressed in some wéiksexample, Calypodat al.
[CLWBO01] studied user behaviors in order to use them as iiplieasures of preferences.
Several behaviors were examined: selections, scrollidgiare on page, among others. To
test the correlation between user preferences and useribef)ahe authors performed an
experiment based on user opinions. Users were asked taagds pegarding their quality to
a set of given queries. The authors found that time spent age, phe amount of scrolling
on a page and the combination of time, scrolling and selestitad a strong correlation
with the explicit ratings. Other works have stated similandusions [KT03, MS94].

Now we define the user feedback cycle as a process. The usirafdecycle could
be described as follows: users formulate queries in ordexpvess their needs; queries
are submitted to search engines; search engines suggas&tmetocuments — which are
recommended to users as answer lists — to every submittey; qusers select documents
associated to their queries. Relationships among thesactdhe user feedback cycle are
shown in Figure 1.1.
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Figure 1.1: The user feedback cycle.

Fortunately, the user feedback cycle is registered by theesethat allocate the search
engines. The register is keptin files known as "system lo§g&tem log files register all the
user’s requests in the search engine, that is to say, swohgjtteries, selected documents
and clicks among answers. There are different formats tee s$tgs, the "common log
format” being the most used. The attributes of every requeggstered in the common
log format are the IP number, date and time of the requestjtries the request (with
code), transaction size, protocol, request descriptiefierrer (referred resource), browser
and operating system employed by the user. Every line of adfleesents a user request,
as shown in Figure 1.2.

Now, we will introduce some basic definitions that we will usehis thesis. We will
define aquery instanceas a single query submitted to a search engine in a definetigfoin
time, followed by zero or more document selections. Foligptihe definition introduced
by Silversteiret al. [SMHMO99], aquery sessiononsists of a sequence of query instances
by a single user made within a small range of time that joimhe documents selected in
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host.analog.cx - - [0200an/2000:12:11:12 +0000] "GET fzample2 html HTTRM 0" 200 1010 "hitp: Sgoogle com/zearch?g=sample%20search” "Mozillas4 .0 [en] (<11; I; Linus=)"
host.analog.cx - - [0200an/2000:14:11:12 +0000] "GET fzample2 html HTTRM 0" 200 1010 "hitp: Sgoogle com/zearch?g=sample%20search" "Mozillas4 .0 [en] (<11; I; Linu=)"
statslab.cam.ac.uk - - [02/Jan/2000:15:11:12 +0000] "GET fsample2 himl HTTRA 0" 200 1010 "Hitp: fgoogle comizearch?g=sample®20search” "Mozillaid .0 [en] (511, | Linu)"
statslab.cam.ac.uk - - [02/Jan/2000:17:11:12 +0000] "GET isample2 himl HTTRA 0" 200 1010 "Hitp: fgoogle comfzearch?g=sample®20search” "Mozillaid .0 [en] (511; | Linu)"
statslab.cam.ac.uk - - [020)an/2000:18:11:12 +0000] "GET fsample2 Html HTTRA 0" 200 1010 "hitp: fgoogle comfzesrch?g=sample? 20search” "Mozilla4 .0 [en] (%11; 1 Linu:)"
statslab.cam.ac.uk - - [02/Jan/2000:20:11:12 +0000] "GET isample2 himl HTTRA 0" 200 1010 "Hitp: fgoogle comizearch?g=sample®20search” "Mozillaid .0 [en] (511; | Linu)"
statslab.cam.ac.uk - - [03/Jan/2000:10:11:12 +0000] "GET idirizampled himl HTTRA 0" 200 937 "http: Sgoogle comfzearch?g=another %20search” "Mozilla/4.0 [en] (%11; [, Linuw:x)"
statslab.cam ac.uk - - [03Jan/2000:10:11:12 +0000] "GET jAmagesizampled jog HTTRM 0" 200 295 "hitp: ifwewewy statslab camac ukidicizample3 html" "Mozillasd 0 [en] (£11; I; Linw)"
statslab.cam.ac.uk - - [03Jan/2000:12:11:12 +0000] "GET idirizample3 himl HTTRA 0" 200 937 "http: Sgoogle comfzearch?g=another %20search” "Mozilla/4.0 [en] (411; [, Linuw:x)"
statslab.cam ac.uk - - [03Jan/2000:10:11:12 +0000] "GET jAmagesizampled jog HTTRM 0" 200 295 "hitp: ifwewewy statslab camac ukidicizample3 html" "Mozillasd 0 [en] (£11; I; Linw)"
statslab cam.ac.uk - - [04/)a0/2000:11:11:12 +0000] "GET /notfound ktml HTTRM 0" 404 0 "Wt dhadreferrer com "Mozillasd 0 [en] (211; 1; Linus)"

host.analog.cx - - [04/)an/2000:11:21:12 +0000] "GET #Mfailed html HTTRA 0" 404 0 "hitp: Sfailedreferrer com™ "Mozillasd .0 [en] (£11; I; Linus=)"

statslab.cam.ac.uk - - [04/Jan/2000:12:01:12 +0000] "GET jredirected html HTTRM 0" 301 0 "hitp: Sredirectedref com® "Mozillasd.0 [en] (<11, |, Linus=)"

host.analog.cx - - [04/an/2000:12:11:12 +0000] "GET dredir html HTTPM 0" 301 0 "hitp: redirref com™ "Mozilla/4.0 [en] (£11; |, Linuw)"

statzlab cam.ac.uk - - [04/4)an2000:13:11:12 +0000] "GET fzample hitml HTTPA 0" 200 1234 "hitp: figoogle comizearch?g=sample?20search” "Mozillas4.0 [en] (011, 1) Linwx)"

(p)  ((date ) (time ) (request) (profocoly  (Cstatus ) (trans.size ) ( referrer ) (browser) (OS5 )

Figure 1.2: Log file sample in common log format.

this range of time. As an additional constraint to this dé&bni, we exclude all the query
sessions without document selections from the query gessio In what follows, we will
refer to these kind of query sessionseaspty query sessiond he set of requests which
belong to non-empty query sessions compound a datased qakey log data

1.2 The query log mining process

In order to observe a query session, it is necessary to peps the server log file that
identifys the user’s request and that belongs to a queryossesk do this, it is necessary to
identify IP numbers, browsers, operative systems and gustgnces to associate a given
request to a query session.

When query session data is built, it is possible to exploverse relationships between
queries and documents. We call this procgaery log mining The query log mining
process is defined as the search of non trivial patterns iqubegy log data. Of course it is
defined as a data mining process but it focuses on the explomit patterns in the query
log data.

We will propose a query log mining process in order to idgnti$eful patterns in the
guery log data that allow us to improve the quality of the agrslists given by a search
engine. In order to explore the data we can use standard datagntechniques such as
association rules, clustering and classification.
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Now, we will propose a query log mining process for this thestirst of all, we will
focus on identify associations among queries. Associatallow us to identify gener-
alization/specialization relationships among querigssimilarity relations among them.
When relationships among queries are identified, it will begible to propose reformula-
tion schemes in order to expand the original query or to pse@iternative queries that are
more related to a specific concept.

Second, we will work on the construction of vectorial reprstions of query sessions
using the terms that compound queries and documents. $&smnaweight schemes can
be used at this point based on the patterns discovered irutrg tpg mining process. By
defining distance functions between queries and stand&adaaing techniques, such as
clustering, it will be possible also to identify groups ofngiar queries. Finally, by using
the query clusters it will be possible to identify recommainlé queries or documents to
the users who formulate queries that belong to any cluster.

Frequently, search engines provide Web directories toumps in their searches. Web
directories are hierarchical structures of nodes orgdrazdrees. The hierarchy represents
a taxonomy and the relationships among nodes representdjeagon/specialization rela-
tionships among the concepts behind the structure. Eaah ofdtie Web directory shows
a list of documents related to a concept.

Following the query log mining process, we will build vecadrrepresentations for the
nodes in the directories using the terms of the documentstimapound each document
list. By defining distance functions between queries, damtsand directory nodes, it will
be possible to classify queries and documents in a Web dimeciVe will also show that
the classification of queries into a Web directory is helpfumaintain the structure. The
main activities in the proposed query log mining procesdaseribed in figure 1.3.

In light of the above, the query log mining process will bedzhsn the following ideas:

1. Query specialization and/or generalization. This wlilbwa us to refine the initial
guery, guiding the user toward a search with more precisgtses

2. Determination of similar query groups. It will allow us ¢gwoup queries having a
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Figure 1.3: The proposed query log mining process

large number of preferences, with similar queries havingalknumber of prefer-
ences. Then, queries and documents may be recommendediagdorthe popular-
ity of each group.

3. Query classification into directories. Given a query,ribarest node in a given di-
rectory can be determined. Each directory node may showndets and/or queries
which are relevant to the topic of the node. Finally, it wil@be possible to special-
ize or generalize the query by navigating the directory.

At this point, it is relevant to specify which kind of appltaans will be considered as
output of the query log mining process. We will work on thrésdkof applications:
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1. Query recommendation: focusing on the reformulatiorhefdriginal query, these
kind of applications aim at identifying relationships beem the original queries and
alternative queries, such as generalization/specializatlationships.

2. Document recommendation: these kind of applicationkidentify relevant docu-
ments to the original query.

3. Query classification: these kind of applications willntl&/ relevant queries and
documents for each node in the directory, enriching thescdptions.

There is a similar goal behind each application: to idemntfigvant documents to the
users. This is the main objective of a search engine andyfiatilthe search engine appli-
cations are oriented to acomplish this goal. But they wordifferent manners:

1. A query recommendation application searches for a betigito formulate the orig-
inal query.

2. Document recommendation applications focus on the iftatton of documents
that are relevant to the users who have formulated similarigsiin the past.

3. A query classification application searches for a betéscdption of a node in a
taxonomy, adding new queries and documents to them. Wheoridfieal query is
classified into a directory node, a document list is recontedro the user. Also itis
possible to navigate into the directory, specializing Ayalizing the original query.

A global view of the relationships between data mining téghes used in this thesis
and the applications generated from the use of these tagtsmyer the query log data is

given in Figure 1.4.
Of course, the applications will follow a set of design aitie The desirable properties

of the applications will be the following:

Maintainability : The costs associated to the system maintenance must be low.

Variability : The user’s preferences change in the course of time. Thisalisk feature
is due to two main factors: changes in the user’s interesdsetaboration of new
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Figure 1.4: Relations between the data mining techniqued imsthis thesis and the appli-
cations generated

documents with contents that can be interesting to the u3éies applications must
reflect the changes in the user’s interests in order to peduality answer lists.

Scalability : The applications designed must be able to manage huge @ntwollec-
tions, efficiently.

1.3 Contributions

At this point, it is necessary to state why this thesis is ingot and what the specific
contributions would be. This thesis can give hints concgyiihe appropriate use of a data
source which could be useful for the recommendation of guddéicuments. The appropiate
use of the user’s click data should be able to improve theityuaflthe answer lists. The
study of the user’s click data properties could also haveifsagint implications on Web
Information Retrieval. It will also state new facts in thiga.

The main contribution of this thesis is scientific. We wantltecuss novel ideas about
the appropiate use of the user’s click data in search engirtesfocus will be on the use
of data mining techniques that will allow us to discover usghtterns in the user’s click
data. We address the problem using several data miningitee®from a comprehensive
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point of view, relating results obtained from different apgches in a coherent corpus of
knowledge.

We will explain the specific contribution of each chapterclEahapter is defined with
regard to the exploration of the user’s click data using aifipedata mining technique.
We will use four data mining approaches: descriptive ansigsd modeling, associations
searching, clustering and classification. Each one is densil as an iteration over the
guery log mining process. We have outlined each iteratidolaswvs:

User’s click data analysign this chapter, we will perform an analysis of the data.cAls

the collection of queries will be characterized considgrine vocabulary. In addition,
we will study distributions of user’s click data over seerariables involved in the user
feedback cycle. Finally, we will provide models of user sbéavehavior. This chapter does
not work over specific applications. The deployment of tHsge is the set of models.
The results of this chapter were presented in the Third Latirerican Web Conference
[BYHMDO5], held in Buenos Aires, Argentina in 2005. The peecdings were published
by IEEE CS Press.

Associations searchingn this chapter, we will search associations between ggeri

Interesting associations will allow us to define query spleation or generalization, pro-
viding alternative queries in order to formulate an origigaery. We will focus also on
the identification of when a query is better than others. Tloelets will be represented
as graphs of queries, where nodes represent queries ancepresent relations between
gueries. Applications will be focused on the design of quegommendation algorithms.
Main results of this chapter were presented in the 12th &firocessing and Information
Retrieval Conference [DMO05], held in Buenos Aires, Argeatin 2005. The proceed-
ings were published by Springer-Verlag in the Lecture NatgSomputer Science Series,
volume 3772. An extended version of this work was presenteithé 19th IFIP World
Computer Congress [DMO06], held in Santiago de Chile in 2006e proceedings were
published by Springer in the IFIP series.

Clustering This chapter will be focused on the identification of grougssimilar
gueries. The similarity notion is defined using query sessiata. In this chapter, we
will compare query vectorial representations based oemifft information sources, deter-
mining the most suitable representation for clusteringe gihality of the clusters will also
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be determined. We will provide query and document recommtmal algorithms as ap-
plications. Main results of this chapter were presentetiéenExtended Database Technol-
ogy Conference [BYHMO4b] held in Heraklion, Crete, Greemr004. The proceedings
were published by Springer in the Lecture Notes in Comput@rige series, volume 3268
and indexed by ISI. Results related to ranked answer listymtion were presented in the
2nd Atlantic Web Intelligence Conference [BYHMO04a] heldGancun, Mexico, in 2004.
The proceedings were published by Springer in the LectutesNia Artificial Intelligence
series, volume 3034 and indexed by ISI. Recently an updatesion of this work was
accepted by the Journal of the American Society for InforomeBystems and Technology
[BYHMO7] (a journal indexed by ISI) and will appear in the &6tolume of the journal, in
June 2007.

Classification This chapter will be focused on the classification of thermseinto
Web directories in order to identify topics behind queraadging new terms to the original
description of the user need. To do this, we will use the damnirtist of the node as a de-
scription of the nodes of a Web directory. By using similafitnctions among queries and
nodes, it will be possible to classify queries into the diveg Applications will be focused
on the automatic maintenance of Web directories, idemigfyelations among documents,
gueries, and nodes of the directory, enriching their dpgon. Main results of this chap-
ter were presented in the 2nd International Workshop onl@ingés in Web Information
Retrieval [CHMO06], held in Atlanta, USA, in 2006, in conjiuat with ICDE 2006. The
proceedings were published by IEEE CS Press.

It is worth mentioning that this thesis is viable since wedhguery log data, which has
been provided by the Development Group of the TodoCL seargime [Tod] and by the
Center for Web Research of thimiversidad de Chil¢CIW].

1.4 Thesis Outline

This thesis is organized into 7 chapters. The first chaptanistroduction to the the-
sis, presenting the research motivation, the proposed/dogmining process, the thesis
contributions, the thesis activities and the thesis ozgtion. Chapter 2 presents the state-
of-the-art, introducing definitions and reviewing topietated to this thesis. The remainder
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of this thesis is focused on the query log mining processpna is focused on a descrip-
tive analysis of the query log data presenting user behanamtels. Chapter 4 is focused
on the discovering of patterns using association searelcbsiues. Chapter 5 is focused
on the use of clustering methods to identify groups of similaeries. In chapter 6 we
study query and document classification methods. In cha@ptgr and 6 we provide ap-
plications based on the results of the query log mining mecthus evaluating the quality
of the recommendations made by the proposed applicationally in chapter 7, we give
conclusions.



Chapter 2

State of the Art

The use of user feedback has been extensively exploredarmiation retrieval. Typically,
user feedback is used to make operations over the queriesntdating them. For exam-
ple, Bartellet al. [BCB94] propose a criterion function, based on user feekibatich
determines a relation of partial nature on the documents. cfiterion function that they
define reaches an optimum value when the order created bgrnkang function fits with
the order defined by the users. The authors show that thegiontfunction is highly cor-
related with the average precision of the system.

Piwowarski [Piw00] builds a probabilistic model of infortinan retrieval which incor-
porates the effect of the user feedback in the representaitibe documents. For this, each
document is represented by a table that indicates two véduesch word: the number of
gueries containing the word for which the document has bektt®d and the number of
gueries containing the word for which the document has netlselected. The similarity
feature intends to minimize the expected number of docusitbat a user has to check be-
fore finding all the relevant documents for a given query.riiteo to evaluate his model, the
author uses two data collections. On each data collect®epmpares coverage and pre-
cision between the proposed probabilistic model (denoyedIBFn) and thef-idf model.
Experimental results show that when user feedback is nat, uke performance of the
DIFFn model is similar to the performance of the tf-idf modald, on the other hand, the
bigger the feedback effect is, the better the DIFFn moddbpmance is.

As the works described above, traditional relevance feddb@ethods require explicit

14
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feedback from the users, for example, selecting documerdaswering questions about
their interests. This kind of feedback shows good result&kvimprove the precision of

the answer lists but also force the users to do additionalites. As the benefits are

not always apparent for the users, the effectiveness ofagx@chniques is limited to the

cooperation of the users.

In this thesis we explore techniques based on implicit faeklb As was defined in
the first chapter, the user’s click data register the quemaesthe selections of the users.
This kind of information describes the natural behaviorted tisers with search engine
results. As a consequence, the methods based on implidibdek are not limited to the
cooperation of the users. On the other hand, it is well kndven implicit measures have
the following drawback: they are less accurate than exgkeidback measures thus it is
neccesary to consider large quantities of user’s click takeave similar results.

Some of the most studied user behaviors as sources of itnjgleziback areeading
time scrollingandselecting There are several works regarding the utility of these seha
iors to infer implicit feedback measures. In [KT03], Kellpc&Teevan propose a catego-
rization of the papers related to implicit feedback crog$wo variablesbehavior category
andminimun scopeThe behavior category is related to the purpose of the vbddrehav-
ior, for example: examine, retain, reference, annotatecasate. The second dimension,
scope, refers to the smallest scope of the item being actad fgr example: segment, ob-
ject or class. In the context of this thesis, the implicitfieack interaction registered in the
user’s click data is categorized regarding minimum scopgegmenbr objectcategories
and regarding behavior category in teeaminecategory. The other interactions are not
registered in the user’s click data so they are out of theesobghis thesis.

A relevant paper on implicit feedback measures using uskclsdata is given by Clay-
pool et al. [CLWBO01]. The authors provide a categorization of diffareser behaviors
indicating which of them are useful as implicit feedback smweas. Several behaviors were
examinated: mouse clicks, scrolling and reading time, ajrathers. The authors found
that scrolling, reading time and the combination of both aadrong correlation with ex-
plicit feedback measures. However, the isolated use of endlicks or scrolling was found
to have a weak correlation with explicit feedback measurdsis result encourages the
use of combinations of measures based on user’s click dstsaith of the isolated use of a
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simple measure.

As was pointed out in the works described above, implicitlbsek could be useful to
identify quality resources that other methods couldn’edet As was defined in the first
chapter, the aim of this thesis is to set a framework usirgyitfiormation source to effec-
tively infer implicit feedback measures. The remainderto$ tthapter will organize the
related work following the four approaches used in thisih@sstudy the user’s click data.
First, in section 2.1, we review related work on #realysisof user’s click data, focused on
the construction of user behavior models. In section 2.2 iseuds the state of the art on
guery associations searching methods. Section 2.3 reWnmamain results on query clus-
tering methods. In section 2.4, we review relevant resuitguery classification methods
that focus on the use of Web directories to do this task. Finak give conclusions for
this chapter in section 2.5.

2.1 User’s click data analysis

The analysis of the user’s click data is known as Web usageqinNeb usage mining
literature focuses on techniques that could predict udeaber patterns in order to improve
the success of Web sites in general, modifying for examp#gy tnterfaces. Some studies
are also focused on applying soft computing techniquesscoder interesting patterns in
user’s click data [Lal98, CP03], working with vagueness immgrecision in the data. Other
kind of works are focused on the identification of hidden tietes in the data. Typical
problems related are user sessions and robot sessioni§itdéion [CMS99, XZC02].

Web usage mining studies could be classified into two categjothose based on the
server side and those based on the client side. Studies bagbkéd client side retrieve data
from the user using cookies or other methods, such as adsbglg browser plugins. For
example, Otsukat al. [OTHKO04] proposes mining techniques to process data wetie
from the client side using panel logs. Panel logs, such as Udfeace ratings, cover a
broad URL space from the client side. As a main contributibey could study global
behavior in Web communities.

Web usage mining studies based on server log data preststiciaanalysis in order
to discover rules and non trivial patterns in the data. Thenrpeoblem is the discovery
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of navigation patterns. For example, Chetral. [CLL *02] assumes that users choose the
following document determined by the last few documentgeads concluding how well
Markov models predict user’s clicks. Similar studies cdasionger sequences of requests
to predict user behavior [PS02] or the use of hidden Markov models [YHO3] introducing
complex models of user click prediction. In [DKO1] Deshparahd Karypis propose to
select different parts of different order Markov modelsaduce the state complexity and
improve the prediction precision.

In [SMHM99], Silversteinet al. presents an analysis of the Alta Vista search engine
log, focused on individual queries, duplicate queries dreddorrelation between query
terms. As a main result, authors show that users type sherieguand select very few
documents in their sessions. Similar studies analyze atiramercial search engine logs,
such as Excite [XS00] and Ask Jeeves [SG01]. These workseagdhe analysis from
an aggregated point of view, i.e., present global distrimg over the data. Other ap-
proaches include novel points of view for the analysis ofdat. For example, Beitzet
al. [BJC'04] introduces hourly analysis. As a main result, authoos\sthat query traffic
differ from one topic to another considering hourly anays$ihese results being useful for
guery disambiguation and routing. Finally, Jansen andISiS05] address the analysis
using geographic information about users. The main restittss study show that queries
are short, search topics are broadening and approxima®&lyd the Web documents
viewed are topically relevant.

The literature also shows some works related with the falgwpurpose: to determine
the need behind the query. To do that, Broder [Bro02] andlyzeguery log data deter-
mining three types of needs: informational, navigatiomal &ransactional. Informational
gueries are related to specific contents in documents. Btwital queries are used to find
a specific site in order to browse their pages. Transactimunaiies allow users to perform
a procedure using web resources such as commercial opeyati@ownloads. In [RLO4]
the last two categories were refined into ten more classescémt years, a few papers have
tried to determine the intention behind the query, follogvthe categorization introduced
above. In [ZHC 04, LLCO05], simple attributes were used to predict the nesurad the
qguery. In [BYCGO06], Baeza-Yatest al. introduce a framework to identify the intention
behind the query using user’s click data. Following a corabam between supervised and
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unsupervised methods, the authors show that it is possibtientify concepts related to
the query and to classify the query in a given user’s nee@goatation.

As we can see in the works described above, the user’s cliekhdes been extensively
studied in scientific literature. Despite this fact, we héttee understanding about how
search engines affect their own searching process and rewinseract with search engine
results. Our contribution in this topic will be focused insthmanner: to illustrate the
user-search engine interaction as a bidirectional feddieation. To do this we should
understand the searching process as a complex phenomersiituided by multiple factors
such as the relative position of the pages in answer listsséimantic connections between
guery words and the document reading time, among otherblasaFinally, we propose
user search behavior models that involve the factors erateter The study closest in
coverage to ours is by Silversteshal. [SMHM99]. The main advantage over this work is
the use of several variables involved in the searching poteproduce models about how
users search and how users use the search engine results.

In table 2.2 we summarize the main results in Web Usage Midesgribed in this

section.
Reference Focus Application
[Lal98, CPO03] Soft Computing User profile construction
[CMS99] Soft Computing Robot Session identification
[XZC*t02]
[OTHKO04] Client side Processing  Global behavior study of
Web communities
[CLLT02] Markov Models Discovery of Navigation patters
{[PSCF02], Hidden Markov Models Discovery of Navigation patters
[YHO3],
[DKO1]}
{[SMHM?99], Descriptive Analysis Search Engine
[XS00], Log Characterization
[SGO1]
[BJCT04] Hourly Analysis User search behavior model
[JSO05] Geographic Analysis User search behavior model
{[ZHC04], Query Categorization User need identification

[LLCO5, BYCGO6]}

Table 2.1: Summary about Related Work in Web Usage Mining
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2.2 Query association methods

It is well known that most of the queries formulated to seambines are vague and short
[SMHM99]. As a consequence, search engine results are levtarg to users. To face this
problem, a class of methods has been proposed in the literafinese methods allow us
to reformulate the initial query adding new terms to the ioagquery and reweighting the
terms. This approach is known gsery reformulation

A well-known class of query reformulation strategies isdzhon the use of explicit
relevance feedback [BYRN99]. The main idea is the followithge search engine presents
to a user a list of documents and after examining them, the sedects those that are
relevant to this query. Selecting descriptive terms or gésaattached to each selected
document, the original query is expanded reweighting thragehat are more relevant to
the selected documents. These kinds of methods show gofadpance in improving the
precision of the retrieved documents but have one main drekvtexplicit feedback needs
an additional effort from the user and many of them are rahudtto do this.

Recently, other technique have faced this problem. Imgkeidback techniques based
on user’s clicks have shown that it is possible to identifgfubassociations among queries
in order to reformulate the original query. For example,Bl®YWWZ03], large query logs
are used to build a surrogate for each document consistitigeajueries that were a close
match to that document. It is found that the queries that matcdocument are a fair
description of its content. They also investigate whethmrg associations can play a role
in query expansion. In this sense, in [SWO02], a somewhataimpproach of summarizing
documents with queries is proposed: Query associatiorsischan the notion that a query
that is highly similar to a document is a good descriptor af ttocument.

One of the main differences between the methods that we wanpliore and the works
described above is the following: our methods are focusdt@identification of semantic
relations among queries more than in the improvement ofrisevar lists. From our point
of view, when users are given more choices in order to refieg tueries, it is more
probable that they can finally find useful documents. Moreave will focus our work on
the identification of asymmetric relations among queriethansense of hyper/hiponymy
relationships. We will propose the relatibetter thantrying to identify better expressions
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of the original queries. We understand a better expressi@mainambiguous formulation
of the query. The identification of alternate queries wilihi¢in this sense.

Following this idea, the closest work in spirit to our propbs based on association
rules. Fonseca et al. [FGDMZ03] presents a method to dise®s®ciations among queries
representing them as traditional items in the associati@srcontext. The method gives
good results, however two problems arise. First, it is diffitco determine sessions of
successive queries that belong to the same search procesthe @ther hand, the most
interesting related queries, those submitted by diffevsets, cannot be discovered. This
is because the support of a rule increases only if its quappsar in the same query session
and thus they are constrained to the set of queries subrbigtdte same user. The method
we propose in this thesis aims at discovering alternateiegiénrat could be useful in this
situation because we don’t need to work with this constraint

2.3 Query clustering methods

Query clusters could be useful to identify alternate queettean original one. The litera-
ture shows also that query clusters are useful to identificepts behind queries and rela-
tionships among them. A seminal paper in this area was wiiyeBeeferman and Berger
[BBOO]. They proposed clustering similar queries and doentsmodeling user preference
data as a bipartite graph and applying to it an agglomeraliistering technique. They ap-
plied the technique using the real user’s click data inlitjieossearch engine [LYC] to
recommend queries. Some drawbacks of their approach atenitetions of the method
for large log files due to the complexity of the clusteringhieicue. Another limitation is
the orthogonality with methods based on contents beinglsders the sparseness feature
of the data.

Wenet al. [WNZ02, WNZ01] proposed 4 notions of query distance to @usimilar
gueries: (1) notions based on keywords or phrases of thg,2¢mnotions based on string
matching in the query term space, (3) notions based on cefsences between queries
and documents and (4) notions based on combination amoimmadl), (2) and (3). They
applied the proposed techniques over real user preferextaertthe Encarta Encyclopedia
[ENC] for Frequently Asked Questions (FAQ’s) identificaticExperimental results show
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that it is recommendable to use combinations of the propdiséaince notions but the paper
does not provide a clear framework to integrate them. Anatheevback is the noise effect
due to the absence of a query disambiguation method.

Zaiane and Strilets [ZS02] present a method to recommendegulased on seven
different notions of query similarity. Three of them are dniariations of notions (1) and
(3). The remainder notions consider the content and titilhefURL’s in the result of a
guery. Their approach is intended for a meta-search engohéhas none of their similarity
measures consider user’s clicks in the form of clicks stanegliery logs.

A hierarchical clustering approach is proposed by ChuaryGmen [CC02]. They
propose to cluster queries into query taxonomies where lei@sich represents a well de-
fined query topic and each query is represented by a termrvdeaah component of the
vector is calculated using a standard- i df schema, where the collection term for each
query is retrieved from the top-N documents selected. Taxate the query taxonomy they
propose to use a hierarchical agglomerative clusteringnigoe (HAC) combined with a
partitioning technique to generate a multi-way-tree @ubterarchy. They proposed to ap-
ply the technique to FAQ identification and query filtering<pEriments show auspicious
results. However, the utility of a hierarchical approacistiff unclear. For example, hi-
erarchies that have been created are too vast to navigaieiambt easy to classify new
gueries because the taxonomy is static and user needs aeidynFinally, each node
represents isolated queries and due to the sparsenes®fefathe user’s click data, it is
difficult to define recommendation methods.

Xue et al. [XZC*04] propose to combine clicks and co-citation methods innde-i
grated clustering framework. They model user’s click data &ipartite graph in the same
sense proposed by Beeferman and Berger [BB00]. Relationeg@nueries and documents
are calculated by the number of user preferences and adtleeldocuments metadata. An
iterative clustering algorithm groups similar queries @oduments. Finally, the method
recommends documents combining similarity based on dosticantent and document
metadata. The work has two main drawbacks: the method dée@sawde a clear integra-
tion framework between both data sources and is limitedegg#rformance of the iterative
clustering algorithm, which introduces high computatiaests.

Sahami and Heilman [SHO6] propose to measure the similaetyween queries using
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text snippets They treat each snippet as a query, formulating it to a wakcheengine and
finding the set of documents that contain the terms in tharaignippet. The retrieved
documents are used to create a context vector for the ofigmiygpet. The similarity be-
tween text snippets is determined using the cosine distaicelated over the set of context
vectors. The main advantage of the method is that it is cagaldetermine semantic rela-
tionships among queries which do not share common termsrtuinfately the paper lacks
extensive experimentation in order to assess the qualitysoduggested queries. Also, the
method is biased towards the search engine ranking function

Zhang and Dong [ZD02] propose a document recommendaticoritdgn based on
guery clustering. Given a query, the system determines the user gralipvho have
submitted the query recently. Then, the cluster of queQesibmitted by the group of
userdJ is retrieved. Later, the group of selected documents by ribepgof useitJ associ-
ated to the cluste@ are determined. The ranking functions of the query are Gatied on
this cluster of documents, considering contents critdriee proposed algorithm is applied
to an images search engine on the Web. Unfortunately, theeutio not compare the
performance of the proposed models with other ones.

In this thesis we present a new framework for clusteringigseil he clustering process
is based on a term-weight vector representation of quenigsined by aggregating the
term-weight vectors of the selected URLSs for the query. Tdwetarial representation leads
to a similarity measure in which the degree of similarity wbtqueries is given by the
fraction of common terms in the URLSs clicked in the answerthefqueries. This notion
allows us to capture semantic connections between queaiesddifferent query terms.

Because the vectorial representation of a query is obtdipedjgregating term-weight
vectors of documents, our framework avoids the problemsoafparing and clustering
sparse collection of vectors, a problem that appears in tiksmdescribed above. The
central idea in our vectorial representation of queriesoiallow manipulating and pro-
cessing queries in the same fashion as documents are handleditional IR systems,
therefore allowing a fully symmetric treatment of queriesl alocuments. In this form,
guery clustering turns into a problem similar to documeustgring.

We present two applications of our clustering frameworkerguecommendation and

1Snippets are excerpts that describe the content of a dodwaneéiits relation with a given query.
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answer ranking. The use of query clustering for query recendation has been suggested
by Beeferman and Berger [BB0OO], however as far as we knovetisero formal study of the
problem. Regarding answer ranking, we are not aware of fnesaarch on the application
of query clustering to this problem. For both applications, provide a criterion to rank
the suggested URLs and queries that combinesth@larity of the query (resp. URL)
to the input query and thsupportof the query (resp., URL) in the cluster. The support
measures how much the recommended query (resp. URL) hastatirthe attention of
users. The rank estimates timerestof the query (resp., URL) to the user that submitted
the input query. It is important to include a measuresopportfor the recommended
gueries (resp., URL's), because queries (URL's) that asguliso many users are worth
being recommended in our context.

Table 2.2 shows a summary about related work in query clagter

Reference Criterion Applications
[BBOO] Agglomerative Clustering Technique Query Recomdaion
over a Bipartite Graph
[WNZz01, WNZ02] Four notions of distance: FAQs identificatio

Keywords or phrases of the query
String matching in the query-space
Co-citation
Combinations of previous notions
[Z2S02] Seven notions of distance: Query recommendation
mild variations over notions
introduced in [WNZ02]

[CCO02] Hierarchical Agglomerative FAQs identification
Clustering (HAC) for Query Query filtering
Taxonomies Construction Web Usage Mining

[ZDO02] Query clustering infered from Document Recommeiuhat
user groups Image Recommendation

[XZC*04] Combination of clicks Document Recommendation

and co-citation over a
Bipartite Graph

[SHO6] Query Similarity function Query Recommendation

based on Web snippets

Table 2.2: Summary about Related Work in Query Clustering
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2.4 Query classification methods

Web directories are subject taxonomies where each catégdescribed by a set of terms
that consign the concept behind the category and a list afrdeats related to the concept.
To classify queries into directories could be useful to ov&e relationships among queries
and the concepts behind each query. In this sense there Bassbbstantial work. For
example, in [Cha03] Chakrabarti proposes a Bayesian apprimaclassify queries into
subject taxonomies. Based on the construction of trainatg,dhe queries are classified
following a breadth first search strategy starting from thet category and descending one
level on each iteration. The main limitation of the methodhie following: queries are
always classified into leaves because leaves maximize timbility of the pathroot -
leaf.

In the KDDCUP’05, the proposed competition was focused on the classification
gueries into a given subject taxonomy. To do that, the coitigerganizers provided a
small training data set composed by a list of queries and ta¢egory labels. Most of the
papers were based on classifiers which learn under supgné@skniques. The winning
paper was written by Sheat al. [SPS"05] and applies a two phase framework to classify a
set of queries into a subject taxonomy. Using a machine ileguapproach, they collected
data from the web for training synonym based classifiersrttegt a query to each related
category. In the second phase, the queries were formulatede¢arch engine. Using the
labels and the text of the retrieved pages, the queries werehed in their descriptions.
Finally, the queries were classified into the subject taxoyasing the classifiers through
a consensus function. The main limitations of the proposethod are the dependency of
the classification to the quality of the training data, thenlan effort involved in the training
data construction and the semi-automatic nature of theoapjrwhich limits the scale of
the method applications.

Vogelet al. [VBH T 05] classify queries into subject taxonomies using a sernoraatic
approach. First they post the query to the Google directeop] which scans th®pen Di-
rectory[DMO] for occurrences of the query within the Open Directoagegories. Then the
top-100 documents are retrieved from Google formulatirgghery to the search engine.
Using this document collection an ordered list of those gaties that the 100 retrieved
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documents are classified into is built. Using a semi-autantategory mapping between
the web categories and a subject category the method iésrdiBet of the closest topics to
each query. Unfortunately, the method is limited to the ifpaf the Google classifier that
identifies the closest categories in the Open directoryo Atds limited to the quality of
the answer lists retrieved from Google. Finally, the seatbmatic nature of the approach
limits the scale of the method.

In this thesis, we explore the idea of processing the uskels data to classify queries
into a Web directory. To do this, we model a query session amstance of a single
qguery followed by a list of clicks to URLs in the answer of theegy. Then, we can
build a vectorial representation of a query session usinmgas approach as in the query
clustering chapter. Using a simple nearest neighborhaassbitler based on distances, we
classify queries into categories. Finally, using relatitips between queries and documents
we can also classify documents into a category using thigdfithe document to describe
the concept behind the query.

Our work shows several advantages compared with the relatekldescribed above.
First, it doesn’t need to use training data to classify qgsemto categories. Thus, it is not
limited to the quality of the training data and is not biaseaards the user experts that built
the training data. Second, it's an automatic method. Moth®imethods described above
are semi-automatic, so in some step of the procedure it isesacy to have human super-
vision. Finally, it provides a framework to automaticallyamtain the web directory. By
determining the utility of a document to a category, it isgibke to enrich the description
of the whole directory.

2.5 Conclusions

Relevance feedback is an extensively studied area of irdbomretrieval. From the point
of view of this thesis, the closest works are those which asetd on implicit feedback.
There are several works related to the four approaches ngbisithesis. Despite this fact,
there are not conclusive results on how to use user’s clitk wainfer implicit feedback
measures. It is also not clear also from the literature hous®this data and how to use
implicit feedback to improve the performance of search eegi
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This thesis presents the main contributions in the foll@airection: to provide a clear
framework to work with user’s click data. As a conclusion vem @ssure that this thesis,
would actually constitute a contribution to the state ofdhe



Chapter 3
User’s Click Data Analysis

In this chapter we will characterize the user’s click datdgrening the data analysis phase
of this thesis. The aim is to show distributions of the datnidying user search patterns.
We formalize this showing models about how users search @andikers use search engine
results.

A relevant portion of this chapter has been published in [BMPO5].

3.1 User’s click data pre-processing

A log file is a list of all the requests formulated to a searchiea in a period of time.
Search engine requests include query formulations, dostuiseections and navigation
clicks. For the subject of this chapter, we only retrieverfiittie log files query formulations
and document selection requests. In the remainder of tlagtehwe will call thisquery
log datag as was defined in the previous section.

Using query log data, we identify query sessions using aygsession detection al-
gorithm. Firstly, we identify user sessions using IP andiser data retrieved from each
request. Then, a query session detection algorithm daterminen a query instance starts
a new query session considering the time gap between a dotwelection and the fol-
lowing query instance. As a threshold value, we consider itiutes. Thus, if a user make
a query 15 minutes after the last click, he starts a new quessien.

We organized the query log data in a relational schema. Maations on the data

27
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model arequery sessionclick, query, url, popug (popularity), querytermand keyword
Several relations has been formulated in order to answerfgpgueries to this thesis, but
they are basically views over the previous relations, they aare not included in the data
model. Figure 3.1 shows the data model of the query log databa

Query M:N QuerySession Click
idQuery |l<;guery8e33|on idQuerySession idUrl .
query idQuery P idQuerySession
numTerms initDate stayTime

initTime clickTime
numClicks clickDate
QueryTerm
idQuery
idKeyword
Popuq
idQuery
rl
idUrl U
popularity idUrl
Keyword ranking url
idKeyword
keyword

Figure 3.1: Data model used in the query log database.

We processed and stored the query log database in an Athfoat2.26 GHz, with
1GB of RAM memory and 80 GB of hard disk space, usMgSQL 5.0as a database
engine.

In order to work with query and document collections in oualgisis, we need to intro-
duce atext pre-processing step. The main goal of this psasés transform the collections
from a full text expresion to a set of index terms. The proéessmpound by three opera-
tions: first, the elimination of accents, hyphens, digitd panctuation marks. Second, the
case of letters. Finally, the elimination of stopwords.
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In document or query full texts, there are several charactewords that are not related
to their meaning. For example, accents, hyphens, digitpandtuation marks in general
are usually not good index terms because they are vagueip&ally this words or char-
acters are removed from the collection. There are someap=ases where hyphens or
digits contain meaning. For example, the tanp3refers to a specific audio file format but
removing the digit it has no sense and the retrieval of reledacuments for this example
will be difficult. For these cases, a list of exceptions isgared in order to avoid the elim-
ination of relevant index terms which contains hyphens gitsli Frequently, the case of
letters is not important for the ellaboration of index teretss In our study we convert all
the text to lower case.

Document and query collections have words that are veryéeq As a consequence
they are not good discriminators. Such words are knowst@gwordsand are normally
eliminated from the collections. Tipically examples ofmtmrds are articles, prepositions
and conjunctions, among others. To remove stopwords framallections we use a list of
670 stopwords that includes frequent verbs, articles anguotions, among others words.

Figure 3.2 shows the text pre-processing phases used ith#sis.

accents,

spacing, index
documents digits, case letters terms

hyphens,

punctuation

Figure 3.2: The phases of the text pre-processing usedsnhesis.

3.2 DataSets

We work over the data generated by a Chilean search engied daldoCL [Tod]. TodoCL
mainly covers the .CL domain and some pages included in t&dl.@nd .NET domain
that are hosted by Chilean ISP providers. TodoCL collects ttwee million Chilean Web
pages, and has more than 50,000 requests per day being thenpodant Chilean owned
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Ly Ly Lg
Distinct Queries 6.042 | 65.282 | 127.642
Distinct selected URL$ 18.527| 122.184| 238.457
Sessions 10.363| 102.865| 245.170

Table 3.1: Characteristics @f;, L; and L.

Successful requests 4,920,463
Average successful requests per day 53,483
Successful request for pages 1,898,981
Average successful requests for pages perjday 20,641
Redirected requests 380,922

Data transferred 66.96 gigabytes
Average data transferred per day 745.29 megabytes

Table 3.2: Statistics that summarize the contents;of

search engine.

In this thesis we work over three periods of logs of approxetyal5 days, 3 and 6
months. We denote the 15 days log by, the three months log b¥; and the six months
log by Lg. In table 3.1 we show some characteristics of the logs.

The log file denoted by.; was extracted from a 15-day query-log. The log contains
6,042 queries having clicks in their answers. There are2®Psklections registered in the
log, and these selections are over 18,527 different URLIsusTin average users clicked
3.67 URL's per query.

The log file L3 gathered 20,563,567 requests, most of them with no sehsctideta
search engines issue queries and re-use the answeidofCL but do not return informa-
tion on user selections.

The log file denoted by.s was collected from a 6 months log file. The 6-month log file
contains 127,642 queries over 245,170 sessions. Therel@réd% selections registered
in the log and these selections are over 238,457 differeritdJRThus in average users
clicked 4.84 URL's per query.

We use in this chapter the query log file denotedlhyollected from 20 April 2004 to
20 July 2004. The table 3.2 summarize some log file statistics
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3.3 Sessions and Queries

Following previous definitions/.; register 1,524,843 query instances, 1,480,098 query
sessions, 102,865 non empty query sessions and 65,28gdiffgueries with at least 1
related click. Also, the logs register 232,613 clicks ov2?,184 different documents. The
average number of queries for all sessions is 1,037 and i, 485count only non empty
sessions. Figure 3.3(A) shows the number of new queriestezgd in the logs.

Another relevant feature of the data is the occurrenceiloigion of the queries in the
log. Figure 3.3(B) shows the log plot of the number of quepesnumber of occurrences.
Figure 3.3(B) shows that over tl88% of the queries are formulated only once. They are
similar to most frequent queries in other search engines.

Finally, in table 3.3(A) are shown the most common queries.

3.4 Keyword Analysis

An important issue related to this chapter is to determimeesproperties over the keyword
collection. For example the top query terms used to makdegier

The table 3.3(B) summarize number of occurrences and naadrequencies for the
top 10 query terms in the log file. As we can see in the tableedagwords are related to
universal topics such as sales, photos or rents. Other kelgveoe related to domain topics
(.CL) such asChile, Santiagoor Chilean and are equivalent to th&#% of the keyword
occurrences over the query log. As shown in table 3.3(A),ntlest frequent queries do
not share some popular keywords. Thus keywordShike, Santiagoor Chileanappear in
many queries, but these queries are not so popular indild@&is means that people are
trying to get geographicaly aware results, suchass in Santiagdor " rent an apartment
in Santiagd.

On the other hand, some specific keywords that individuakyreot so popular (thus,
they are not included in the previous table) are popular asies (for example, chat,
Google and Yahoo queries). Finally, some keywords appehpih tables such asars
andhouse These kind of keywords are good descriptors of common nefednnation
clusters, i.e., they can be used to pose similar querieexampleused car, rent car, old



CHAPTER 3. USER’S CLICK DATA ANALYSIS

Number of new queries

50000

5000

Number of Queries

50

T000 4
6500 —

G000

5500 —
5000 —
4500 -
4000
3500 -
3000
2500 —
2000 —
1500
1000

500

32

10

Number of Query Repetition

(B)

Figure 3.3: (A) Number of new queries registered in the Id§9.Log plot of number of
gueries v/s number of occurrences.

car andluxury car) and, at the same time, have an important meaning as indiMigheries.
In the query term space, keywords appearing only once represound 6% of the

queries. It is important to see that the query term dataviala Zipf distribution as the
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| query | occurrences | term | occurrences frequency|
google 682 chile 63460 0,34
sex 600 sale 23657 0,13
hotmail 479 cars 10192 0,05
emule 342 santiago 9139 0,05
chat 324 radios 7004 0,04
free sex 270 used 6994 0,04
cars 261 house 6073 0,03
yahoo 259 photos 5935 0,03
games 235 rent 5352 0,03
kazaa 232 Chilean 5113 0,03
(A) (B)

Table 3.3: (A) The top 10 queries. (B) List of the top 10 quemnrts sorted by the number
of query occurrences in the log file. Queries were writtegioglly in Spanish.

log-plot of the data in figure 3.4(A) shows. L&t be the number of occurrences of query
terms in the whole query log database. Then the number ofeguexpected for a known
number of occurrences in the log is given by:

— . b>0. (3.1)

Fitting a straight line to the main body of log-plot of the @ate can estimate the value
of the parameteb that is equal to the slope of the line. Our data shows thatvedise is
1.079.

Itis important to see the data distribution of the terms tiwdibelong to the intersection.
The collection formed by text terms that not belong to thergwecabulary is shown in the
log plot of figure 3.4(B). On the other hand, the collectiomied by query terms that not
belong to the text vocabulary is shown in the log plot of figsu#(C). Both collections show
a Zipf distribution, withb values 1.231 and 1.643, respectively. For sake of compsten
we include in 3.4(D) the distribution of all the terms in tlett which has$ = 1.408.

Finally, another relevant subject of this chapter is to stiemcorrelation between query
terms and document terms. The query vocabulary has 27,66 sad the text vocabulary
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Figure 3.4: (A) Log-plot of the query term collection. (B) glot of the query terms that
do not appear in the text collection. (C) Log-plot of the textns that do not appear in the
guery collection. (D) Log-plot of the overall text term agdtion.

has 359,056 terms. Common terms between both collectiengrdy 22,692. The figure
3.5 shows an scattering plot of the query term and the text ¢atlection.

The plot was generated over the intersection of both catlestand comparing the
relative frequencies of each term calculated over eaclecodn. As the plot shows, the
Pearson correlation between both collections is 0.625.

3.5 Click Analysis

An important information source that can be useful to désctiser behavior in relation
with their queries and their searches is the click data.kGlata could be useful in order
to determine popular documents associated to particulanaeps Also could be useful to
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Figure 3.5: Scatter plot of the intersection between quemy tand text term collections.

determine the effect of the order relation between docusnganking) and user’s clicks.

Firstly, we show the number of selections per query sessidhe log plot in figure
3.6(A). Our data shows that over th&% of the query sessions have only one click in their
answers. On the other hand, only &5 of the users check over five answers. The average
number of clicks over all queries is 0,1525 and 1,57 withoakiding empty sessions. The
data follows a Zipf distribution where= 1.027.

One important aspect for this chapter is to show the effethi@franking over the user
selections. Intuitively, we expect that pages that are shiovbetter ranking places have
more clicks than pages with less score. The position eféelbtised on the following fact:
the search engine shows their results ordered by the relewana query, thus, users are
influenced by the position at which documents are presemgekifg bias). This phe-
nomenon could be observed in figure 3.6(B). As we can see ifighee, the data follows
a Zipf distribution wheré = 1.4.

The data shows a discontinuity in positions number ten arhtyy Our data shows
that this discontinuity appears also in positions 30 andrtD) &0 general, in positions that
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Figure 3.6: (A) Log plot of number of selections per querysgas. (B) Log plot of number
of selections per position.

are multiple of 10. TodoCL shows ten results per page retults, this fact cause the
discontinuity (interface bias). Finally, the.72% of the pages selected are shown in the
first result page.

Another interesting variable involved in this process Bs¥isit time per selected page.
Intuitively, this variable is important because the timersjoin a selected page indicates a
preference. From our data we can see that ovef7#ie of the visit times per page are
less than 2 minutes and a half. On the other hand, the othges gshow higher visit times.
This fact indicate that these pages were very relevant tthéhiequeries and obviously, this
information could be used in order to improve their rankinBesides this, an important
proportion of the pages show visit times between 2 and 20ngkscoThis represents the
20% of the selected pages, approximately.

3.6 Query Session Models

3.6.1 Aggregated query session model

One of the main purposes of this thesis is to describe usevimtpatterns when a query
session is started. We consider only non empty query sesgidhis chapter, thus query
instances with at least one page selected in their answesshaWie focused this analysis
considering two independent variables: number of queoieadilated and number of pages
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selected in a query session.

In a first approach, we calculated a predictive model for timalper of clicks in a query
session when the total number of queries formulated is kndwehX = x be the random
variable that models the event of formulatingjueries in a query session andYet= y be
the random variable that models the event of selegfipgges in a query session. This first

approach models the probability of selectingages given that the user has formulated

P(Y=y,X=x)
P(X=x)

that, we consider the total number of occurrences of thetsvarthe query session log

queries using conditional probabili(Y =y | X = z) = . In order to do
files. Thus, the data is depicted in an aggregated way, iig fitht approach considers a
predictive model for the total number of queries and clicks iquery session. Figure 3.7
shows the first model.

As we can see, if a user formulates only one query, in generalilh select only one
page. Probably, this fact is caused by a precise querytheuser has the need defined
at the begin of the query session. As a consequence of thagygofathe search engine,
when the query is very precise, the user finds the page in fais.tiWe will say that this
kind of queries are of good quality, because they enablesusdind their pages quickly.
If the session has two, three or four queries, probably tesige will have many clicks.
In general, this kind of sessions are associated to usersiéha more exhaustive search
pattern. This kind of users can be categorizedrasvser peopldecause they want to look
at multiple pages on one topic. Finally, if the session hasertitan four queries, probably
users will select only one result. In general, these sessbow less specific queries at the
begin than at the end. So, the user had the need to refine theiqueder to find the page
that he finally selects. This kind of sessions are relatedéoathat do not formulate good
quality queries.

Figure 3.8 shows the contingency table and the class disiibfor the joint events,
number of queries done, and number of pages selected. Agifjist the surface follows a
bidimensional Zipf distribution. In order to prove our ifttan, we fit a bidimensional Zipf
function to the data and then we calculated the error of tipecegimation.

In order to adjust a bidimensional Zipf, we calculate the-ddéag curves from the data
shown in figure 3.8. A linear surface was obtained, showiedibf behaviour of the data.
Doing the assumption of the independence of the marginalfisions f(X), whereX is
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Figure 3.7: Predictive model for the number of clicks in amgusession with a known
number of queries formulated.

the random variable that represent the number of queriésf @n) whereY” is the random
variable that represent the number of clicks, we adjustetdgsit lines to each surface
projection into the dimension¥ andY’, respectively. As a result, we build a bidimen-
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Figure 3.8: Contingency table and class distribution ferjdint events number of queries
made and number of pages selected.
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sional Zipf doing the multiplication of the marginal dititions as follows:

1
f(X =u, Y) o
where the values of the parameters were 3.074 andb = 1.448.
In order to prove the independence assumption, we calcal&®&mogorov-Smirnov
goodness fit test for the theoretical function and the retal. dehe value of the Kolmogorov-
Smirnov statistic was 0.035705. Thus the hypothesis waspaed with a confidence of

99%.

3.6.2 Markovian query session model

Focused in transitions between frequent states in a quesyosg in this second approach
we build a finite state model. Using the query log data, we ltabeulated probabilities
between states making a Markovian query session model. der @0 do that, we have
considered the following states:

e M-th query formulationm-th query formulated in the query session.

e N-th document selectionn-th document selectedi{th click) for the m-th query
formulated in the query session.

States labeled asth document selection are related to a given query forradlgbtates
labeled asi-th query formulation are related to a previous documergcsiein, except the
first query that starts the query session. D&tbe the random variable that model the
number of queries formulated aftetransitions in a query session andYebe the random
variable that model the number of document selected forabieduery formulated in the
session after transitions. Thus, states in a query session model coulddokeled as a pair
(X; = x,Y; = y) representing that the user has selegtéldcuments after formulating the
x-th query.

In order to calculate it, we consider the data in the queryfileg in a non aggregated
way, as the opposite of the first approach. Thus, the eveatdistributed over the time. As
a consequence, the second model is a discrete-state, waunghtime Markov Model, being
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the probability of be over a defined stafe; = x,Y; = y) determined by the Markov chain
of thei — 1 previous states.

We have considered the same events as in the first approaébcbsed on two kind
of transitions: the first one considers the probability oihdahem-th query given that in
them — 1-th query users has selectegages. The second one considers the probability of
doing then-th click given that the user has formulated theth query. We calculate these
as follows:

PXi=m|X;1=m—1Y_1=n)=
P(X;=m,Y;=n)
P(X;_1=m—1Y;_1=n)’

PYi=n|Xin=mY 1=n-1)=
P(X;=m,Y;=n)
P(X;_1=m,Y;_1=n—1)"

In figure 3.9 we show the second model. Final states are @epigith concentric
circles.

The initial event in query sessions is to formulate the fitgtrg and to make the first
click. After k steps, the probability of being over a determined statedcbal calculated
using the Markovian transition matrix/, of k-th order,M*, and the initial distribution
vectorP() formed by the probabilities of being at determined statéiseabeginning of the
process. The set of probabilities of be over a state in thenadwanpounds the probability
vector ofk order given byP*) = M* x PO,

After a large number of transitions, ti&*) vector converges to théfixed point vector
of the process, the stationary probabilities of the chéiat, $atisfy the fixed point property
v = M x v. Of course, the fixed point vector has positive values onlyif@al states.

Using our model, we verify that aftén steps the?*) vector converge to the fixed point
vector. As an example of the convergence, in the followingrix#he i-th row represents
the probabilities aftef + 1 steps. Each column represents final states, consideriryg onl
states fromi to 8, because the probability of be over all the other state®sedo zero. We
show only the first five steps and we start fréma= 2 (for £ = 1 the vector is null and only
the transitive stateX; = 1,Y; = 1) is attainable):
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Figure 3.9: Markovian transition query session model.
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054 0 0 0O 0 0 0 0
0,41 0,14 0 0O 0O 0O 0 0
0,41 0,14 0,07 0,05 0,04 0,07 0,03 0
0,41 0,14 0,07 0,04 0,05 0,08 0,04 0,01
0,41 0,14 0,07 0,04 0,05 0,08 0,05 0,02

As we can see, at the begin, only the first states are possibbfter few steps, prob-
abilities are propagated over the complete chain. Finddlyfixed point vector for all the
final states is:

v = (0,41;0,14;0,07;0,04;0, 05;
0,08;0,05;0,02;0,01;0,005; 0,01
0,02;0,01;0,005;0,002; 0,002; 0,005
0,015;0,007;0,006; 0,003; 0,001; 0,004
0,007;0,005;0,001;0,001;0;0,01).

Now we calculate the probability that, starting at a givextestthe chain goes into a state
and never comes out. This kind of probabilities are knowaleortions We calculate the
absortion for the first and second query instances, bechagedpresent the most frequent
transitions in real situations.

Absortion probabilities for the first query instance areegiby:

P(absortion in state 1 X, = first query = 0.41
P(absortion in state 2 X, = first query = 0.14
P(absortion in state 8.X, = first query = 0.07
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P(absortion in state 4 X, = first query = 0.04
P(absortion in state 5 X, = first query = 0.05
P(absortion in state 6 X, = first query = 0.11
P(absortion in other statesX, = first query = 0.19

Off course, absortion probabilities of states 1 - 5 coineiuité the stationary probabil-
ities calculated from the fixed point vector of the transitioatrix. For the second query
instance the absortion probabilites are the follows:

P(absortion in state § X, = second query= 0.34
P
P

(
(absortion in state ¥ X, = second query= 0.21
(absortion in state 8 X, = second query= 0.07

P(absortion in state 9 X, = second query= 0.03
P(absortion in state 10X, = second query= 0.02
P(absortion in state 1[L X, = second query= 0.03
P(absortion in state 12X, = second query= 0.08

P(absortion in other statgsX, = second query= 0.18

3.6.3 Time distribution query session model

In a third model we address the problem of determine the tiisteilsition between state
transitions. Each transition time follows a distributidrat could be determined using the
log data. In order to do that, we measure the time betweerteuethe query logs con-
sidering two kinds of transitions: the time distributiongnery sessions between the query
formulation and the following document selections and theetdistribution between the
clicks and the following query formulation.

Intuitively, a query formulation time is distributed aralian expected value and for
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higher times the probability density follows an expondrdiatribution. To calculate the
time distribution we use a two parameter Weibull densitycfion. Lett be the continuous
random variable that models the time involved in a query fdation. We state that
follows a Weibull distributions if its density function isvgn by:

flt;a,0) = %to‘_le_(é)a, t>0,a,0 > 0.

Thed parameter scales the function along the horizontal axibtla@a parameter de-
fines the shape of the function. Our data shows that the nerasut errors (the difference
between the density function and the data) do not have eguince, but rather, their
variance is proportional to the height of the mean curve. Weéull distribution is often
used as a model when the response variable is nonnegatidama@r least squares curve
fitting is appropriate when the experimental errors aretagdand can be considered as
independent draws from a symmetric distribution, with ¢ansvariance. Off course we
are modeling a time variable and the resulting distributidhbe asymmetric (we consider
nonnegative values farn. Thus we assume multiplicative errors, symmetric on thge lo
scale. We can fit a Weibull curve to the data under this assompsing a nonlinear least
squares method to fit the curve. In figure 3.10 we show the agbmof«, § parameters
for each transition.

Transitions between queries and clicks are highly comrdlatith the search engine
interface effect. As we saw in section 3.5, the search enigiteeface produces a bias
in the searching process caused by the relative positioheoflbcuments in the ranking.
Intuitively, we can guess that times involved in the seargtprocess are also correlated
with the ranking. As we can see in the data, this assumptitnésfor the first click and
these kind of transitions follows Zipf distributions. Indige 3.10 we show theparameter
value for each transition considered. We can see that valgemdependent of the query
order. However, for transitions to second or higher ordeks| time distribution follows
a Weibull as in the previous case. Intuitively this is a causance of the searching time
involved that changes the expected value from zero to highleles. As is well known,
the expected value of a Weibull random variable is giverd byT’ (1 + é) The expected
values for each transition are given in table 3.4.
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Figure 3.10: Time distribution query session model.

Times involved in query formulation are higher if the preiogdstates are document
selections of low order. It is important to see that all thiases are biased to the previous
viewing time involved. In order to unbias the results, we taubtract the expected values
for the viewing document times to the expected values ofygt@mulations. However
expected values for Zipf distributions are close to zerastthe subtraction do not affect
final results.

In order to test the goodness fit of the proposed model, werdete for each pair of

To - From First click | Second click| Third click
Second click 192 201 210
Third click 151 156 165
Second query 286 288 252
Third query 277 288 252

Table 3.4: Expected values (in seconds) for the Weibulfidistions involved in the query
session model.
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| To - From | First click | Second click| Third click |

Second query| 0.1317 0.1439 0.1741
Third query 0.1404 0.1149 0.2055

Table 3.5: Value of the Kolmogorov statistig, for each transition.

events the time transitions between them, sorted as aresiogetime series,, z», . . ., x,,
and we calculate the Kolmogorov-Smirnov statistic as feio

wheresS,, (x) is the accumulative sampling distribution given by:

T < T

Sp(z) =

T ST < Tpq

= 3 O

T > T,

and Fy(x) is the theoretical probability distribution. Then, givee@nfidence value for
the hypothesis test, if the value of the Kolmogorov-Smirstatistic go over the values
tabulated in [Mas51], the fitting hypothesis is rejectechédise, it is accepted.

For our tests, we use a confidenced6¥ and 18 classes (50 seconds each one). The
threshold value for the acceptance of the test and for 18 lesng0.371. Table 3.5 shows
the results of the tests for each transition. From the taklean see that all the hypotheses
were accepted.

3.7 Conclusion

In this chapter we have proposed models to describe usevibela query sessions us-
ing query log data. The models proposed are simple and mswdough evidence to be
applied to Web search systems. Our results show that Web faenulate short queries,
select few pages and an important proportion of them refiei thitial query in order to
retrieve more relevant documents. Query log data, in gérsraw Zipf distributions such
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as for example clicks over ranking positions, query freqies) query term frequencies
and number of selections per query session. Moreover qpeigess very sparse showing
for example that in our data tf#®% of the queries are formulated only once.

The evidence shows that query reformulation methods arelluse many users. As
was shown in the model depicted in figure 4.12, users ref@atauheir queries in order to
define adequately their needs. The exploration of querymeftation methods based on
click through data will be the main goal of the chapter 4.

Based on the sparse nature of the data, any recommendemsyatéd be work with
aggregated versions of the data. A significant proportiothefqueries have very short
sessions, with very few selected documents. Thus recomenesydtems based on user
preferences are viable only if they work over query clusters they use data structures
that redirect the searching process to well defined usesngleédre the quantity and quality
of the click through data could be enough to formulate siatiy significatively recom-
mendations. The use of the data to calculate query clustersoause them to formulate
recommendations will be the objective of the chapter 5. Tdeaf directories to redirect
the searching process to well defined user needs will be thleofthe chapter 6.



Chapter 4
Query Association Methods

In this chapter we will introduce a method to identify refais between queries. The basic
idea is to identify groups of related queries in order to aeplan original query with a
better one. The application proposed is query recommesrdakirstly in section 4.1 we
will explore a naive approach: two queries are similar ifytlsbare their terms. We will
show that this idea allow to identify similar queries buttwit limitation: the query term
space is sparse as was shown in the previous chapter, so thedne useful only for a
few queries. In section 4.2 we will explore an alternativeadwe order the documents
selected during past sessions of a query according to thépof other past queries. If
the resulting ranking is better than the original one, we@nmmend the associated query.
To show the effectiveness of this method we set experimeittsreal user’s click data
evaluating the precision of the recommended queries.
This chapter has been patrtially published in [DM05, DMO06].

4.1 The query term based method

4.1.1 The method

Queries have the goal of describing needs of users. Howeverany cases, the query
submit by a user is just a first approximation to a better dgson of the information being
searcher. A better description requires the user to havelkdge about the information

49
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being searched, such as technical terminology and propersndt may even require an
empirical understanding of the behavior of the search engin

In order to allow the user to reformulate the original quewg propose to identify
similar queries. Then the user may move to a more generaifgpguery. Then she/he can
select a query and then can follow a suggested document.

To identify similar queries we will explore firstly a naiveed: two queries are simi-
lar if they have common terms. Intuitively, if two or more gieés share terms, they are
semantically connected because the terms are related tara@o meaning.

In this approach we represent each query by a list of termgaltwlate the similarity
between two queries we will use a widely studied similantgdtion: the quotient between
the intersection and the union of both sets:

L. Ly
L,\ULy

whereL, and L, represent the list of query terms of the quetigandg,, respectively.

Sim(qa, @) = (4.1)

Intuitively, when two queries share several terms, theevalitim(q,, ¢,) is close to 1 and
when two queries do not share terms, the valugioi(q,, ¢,) is close to O.

Using the similarity function given by 4.1 we can identifyogps of related queries. In
order to identify relations in the group we use the usertkatiata. Based on this informa-
tion source we can identify how many users re-formulatedexygafter the formulation of
an original one. The reformulation will be more represewgadf the common user needs
when its relevance, calculated as the proportion of thesubat reformulate the original
guery with the new query over the total number of users whaédates the original query,
will be greater than other reformulation relevances.

When a user formulates a query and then she/he specializeneralize the original
guery selecting a suggested query, he is given a positivefeotthe relation. Using the
user’s click data it is possible to label the arcs in the gsap¥here each label represents
the number of users which use the relation to reformulatetiggnal query.



CHAPTER 4. QUERY ASSOCIATION METHODS 51

4.1.2 Experimental results

To test the method we used the log file denoted byn section 3.2. We represent each
guery by a node in a directed graph. The reformulation psesare identifying by arcs
in the graph, labeled with the number of users that speeigieneralize the original query
using the suggested query. The label value representslévamee of the relation.

With this method we can build graphs related to general quscesuch as
comput at i on. If the query terms are specific the graph will represent d defined
meaning. It is the case of tttwmputatiortopic. Computation terminology is very specific
SO using query terms it is possible to identify group of gethat are related to the same
meaning. As we show in figure 4.1, we can identify severaliggeelated to computation
that allow to specify/generalize the original queries.

We show into boxes the main concepts related to computdiatrare used as queries
in order to reformulate the original queries. The label @féincs show the number of users
who reformulate the query using the query which is pointethieyarc.

The graph shown in 4.1 represents a good example of theyutilihe method based on
guery terms. This is an effect of the terminology used in tie@agbecause related terms do
not have meaning related to other topics (they are unambgud hus, the terms consign
the meaning of the group. Unfortunately, there are quemdehat have several meanings.
We will call this kind of termgpolysemic terms

When users formulate their queries using polysemic termsnbre difficult to identify
the meaning behind the query. We show in figure 4.2 querieseetlto the concept law.
Into the box we show the most relevant query for this grougerl¢hat formulate queries
related to the concepaw reformulate their original queries formulating the quesnal
procedural code The label of each arc shows the number of users that refatmtihe
query.

We can see that the queries share the terade (except the querypenal
pr ocedur es which share the terrpenal with the main query). The termode is
the term that join this group, but not always consign the nmgpaof the group. For exam-
ple, the querpar code is not related to the concelaiw but it belongs to the group. This
kind of phenomenon it could be interpretingrasse
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The noise effect is introducing because the temde is polysemic. As an effect of
the use of polysemic words, two queries who share terms daln@tys have the same
meanings. The example in figure 4.2 shows clearly this. lregdnwe can easily see that
the query terms not always consign the need behind the query.

process code
organic code
bar code

N.
penal
4
procedural
4 code
3
2

laboral code

penal procedures

Figure 4.2: Recommendations based on query terms assbtidtee concepiaw.

We can stay that recommendations based on query terms a&esstid when the termi-
nology of the concept is well defined and the terms are notggohyc. The main problem
of this approach is the following: the method assumes thiaidare independent in their
occurrences. Thus the method does not identify relatiohsdsn different query terms
which share their meanings. In order to change this assompt will explore an alterna-
tive idea in the following section.
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4.2 The co-citation method

4.2.1 The method

The simple method we propose in this section aims at discay@iternate queries that
improve the search engine ranking of documents: We ordetdbements selected during
past sessions of a query according to the ranking of othdrcuesies. If the resulting
ranking is better than the original one, we recommend theczs®d query.

In order to formalize our idea, we will start defining a notimfirconsistency between a
guery and a document. A documentisnsi st ent with a query if it has been selected
a significant number of times during the sessions of the queoysistency ensures that a
guery and a document bear a natural relation in the opiniosefs and discards documents
that have been selected by mistake once or a few time. Siyieg say that a query and a
set of documents are consistent if each document in the sehg&stent with the query.

Many identical queries can represent different user infdrom needs. Depending on
the topic the user has in mind, he will tend to select a pdercasub-group of documents.
Consequently, the set of selections in a session reflectb-topic of the original query.
We might attempt to assess the existing correlations ant@ddcuments selected during
sessions of a same query, create clusters and identifyeguelevant to each cluster, but we
prefer a simpler, more direct method where clustering isedarhe level of query sessions.

Let D(s,) be the set of documents selected during a sesgioha queryg. If we make
the assumption thab(s,) represents the information need behindve might wonder if
other queries are consistent with(s,) and better rank the documents©fs,). If these
gueries exist, they are potential query recommendations.th&h repeat the procedure
for each session of the original query, select the potépntiacommendable queries that
appear in a significant number of sessions and propose theet@asmmendations to the
user interested in.

We need to introduce a criteria in order to compare the ran&ira set of documents
for two different queries. Firstly, we define thank of a document in a query: The rank
of document: in queryq, denoted-(u, q), is the position of document in the answer list
returned by the search engine. We extend this definitiontsoadelocuments: The rank of
a setU of documents in a queryis defined as:
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Figure 4.3: Comparison of the ranking of two queries.

r(U,q) = Igggr(u,Q)-

In other words, the document with the worst ranking deteewmithe rank of the set.
Intuitively, if a set of documents achieves a better rankgiaryq, than in a query, then
we say thay, ranks the documents better than We formalize this as follows: Ldt be
a set of common documents between two queries denoteg dnydg,. A queryq, ranks
better the set/ of documents than a quegy if:

r(U,q.) <r(U,q) .

This criteria is illustrated in Fig. 4.3 for a session conilag) two documents. A session
of the original query;; contains selections of documerifg and U appearing at position
3 and 6 respectively. The rank of this set of document is 6. @yrast, query, achieves
rank 4 for the same set of documents and therefore qualifiascaadidate recommenda-
tion.

Now, it is possible to recommend queries comparing theik ssts. We can formalize
the method as follows: A query, is a recommendation for a queuy if a significant
number of sessions qf, are consistent witl, and are ranked better lgy than byg,.

The recommendation algorithm induces a directed graph grqoaries. The original
qguery is the root of a tree with the recommendations as leakkash branch of the tree
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represents a different specialization or sub-topic of tigirmal query. The depth between a
root and its leaves is always one, because we require thereendations to improve the
associated document set ranking.

Finally, we observe that nothing prevents two queries freaommending each other.
We will stay that two queries are quasi-synonyms when thegmemend each other. Thus,
if two or more queries are quasi-synonyms, they form a ctustsimilar queries. We will
see in the following section that this definition leads toripgethat are indeed semantically
very close. Off course this is not the main goal of our propo§dne literature shows
several methods to discover groups of quasi-synonymsegidfrom our point of view, its
a good sign in order to set the correcteness of our methotifiieg related queries. The
final goal of our method is the following: to recommend betjeeries more than similar
queries.

4.2.2 Experimental Results

In this section we present the evaluation of the method dhicong a descriptive analysis
of the results and showing a user evaluation experimenstly-ive will describe the data
used for the experiments.

Data

The algorithm was easy to implement using log data orgariizedr query log relational
database. For the experiments of this section we use the thoaths log file denoted by
L in section 3.2.

Descriptive Analysis of the Results

We intend to illustrate with examples that the recommepdatethod has the ability to
identify sub-topics and suggest query refinement. Fig. AcWs the recommendation
graph for the queryal par ai so. The number inside nodes refer to the number of ses-
sions registered in the logs for the query. The edge numlmenstthe sessions improved
by the pointed query. A given session can recommend varioeses. They are reported
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only for nodes having children, as they help make sense ofuheers on the edges which
count the number of users who would have benefited of the qe&ymulation.

harbour of valparaiso

9

electromecanics in valparaiso
8

valparaiso 7 .
www.valparaiso.cl
33 7

9

mercurio valparaiso

municipality valparaiso
2

el mercurio
20

Figure 4.4: Queryal par ai so and associated recommendations.

This query requires some contextual explanation. Valpara an important touristic
and harbor city, with various universities. It is also therteofor theMercurio, the most
important Chilean newspaper. Fig. 4.4 captures all thésenrations. It also recommends
some queries that are typical of any city of some importarkeedity hall, municipality
and so on. The more potentially beneficial recommendatiams A higher link number.
For exampled /33 ~ 27% of the users would have had access to a better ranking of the
documents they selected if they had searchedmorver si t y instead oivVal par ai so.
This also implicitly suggests to the user the queny ver si ty Val par ai so, although
we are maybe presuming the user intentions.

The querymaps illustrated in Fig. 4.5 shows how a particularly vague queam be
disambiguated. Th&odoCL engine user’s click data bias naturally the recommendstion
towards Chilean information.

A third example concerns the naval battle in | quique’’ inMay21,1879
between Peru and Chile. The query graph is represented irtfeg The point we want
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map of chilean cities
19
map antofagasta
o
maps

53 12

\

8
Figure 4.5: Querymaps and associated recommendations

to illustrate here is the ability of the algorithm to extrécm the logs and to suggest to
users alternative search strategies. Out of the 47 ses&igassions were better ranked by
armada of Chil eandsea of Chile.

In turn, out of the 5 sessions far mada of Chil e, 3 would have been better
answered bysea of Chil e. Probably the most interesting recommendations are for
bi ography of Arturo Pratt,whowas captain of the “Esmeralda”, a Chilean ship
involved in the battle, for th@&ncn t r eat y that was signed afterward between Peru and
Chile and for theGover nnent of Jos Joaqun Pri et o, responsible for the war
declaration against the Per-Bolivia Federation.

A more complex recommendation graph is presented in Fig. #”hé user who issued
the queryf i at is recommended essentially to specify the car model heesdsted in, if
he wants spare parts, or if he is interesting in selling oiroyg fiat. Note that such a graph
also suggests to a user interested in — say — the history qrdffigability of the company
to issue a query more specific to his needs.

We already observed that two queries can recommend eaah dtashow in Table 4.1
a list of such query pairs found in the logs. We reported disaiumber of original query
sessions and number of sessions enhanced by the recommersdeas to have an appre-
ciation of the statistical significance of the links. We exdgd the mutual recommendation
pairs with less than 2 links. For example, in the first row, outhe 13 sessions fads,

3 would have been better satisfied &gvert , while 10 of the 20 sessions fadver t
would have been better satisfied dgs.
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armada of chile
5

s biografy arturo prat
3
3 goverment of jose joaquin prieto

Figure 4.6: QuerNaval battle in | qui que and associated recommendations.

sea of chile

naval battle in iquique
47

We can see that the proposed method generates a clustéepogterioriwhere dif-
ferent sessions consisting of sometimes completely @iffiesets of documents end up
recommending a same query. This query can then label thigopgrbsession.

User Evaluation

We will analyze user evaluations of the quality of query raceendations. We presented
to a group of 19 persons of different backgrounds ten recamdateon trees similar to
Fig. 4.4, selected randomly from all the trees we extractenhfthe logs. Obviously we
discarded queries with a small number of sessions and guaitle a too large number of
recommendations. We asked two questions to the partigpant

1. What percentage of recommendations are relevant to ign@arquery?

2. According to our intuition, what is the percentage of raoceendations that will im-
prove a typical user query?

In figure 4.8 we show the distribution of the opinions for tleehbquestions. The figure
on the left is related to the first question raised to the pigdints. It reports on abscissa the
percentage of relevant recommendations and in ordinatauhwer of participant votes.
On the right figure, we plotted the results for improved renwndations corresponding to
the second question.
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— query guery —
3/13 ads advert 10/20
3/105 cars used cars 21241

34/284 chat sports 2/13
2/21  classified ads advertisement 2/20
4/12  code of penal proceedings code of penal procedure  2/9
3/10 courses of english english courses 2/5
2/127  dvd musical dvd 2/5

2/5  family name genealogy 2/16
3/9  hotels in santiago hotels santiago 2/11
5/67 mail in Chile mail company of Chile 2/3
7/15 penal code code of penal procedure  2/9
8/43  rent houses houses to rent 2/14
2/58 van light truck 3/25

Table 4.1: Examples of “Quasi-synonym” queries recommexuth ®ther.

We used two factors analysis of variance with no interactiotest whether there is a
large variation between participants opinions and betwpenies. For the first question
concerning the relevance of the recommendations, thealues of the variation induced
by the participants is 0.5671 and by the queries is 0.15@d|jig to accepting the hypothe-
sis H, that none of these variations is statistically signifioatiVhe same conclusion holds
for question 2 about whether the recommendations mightamgothe original query. The
p — values in this case are 0.9991 and 0.2130. This shows that no geaitivas over or
under estimating the relevance and the improvement pergestsystematically, and that
no query is particulary worse or better than the other. Themenendations along with the
mean of participants answer can be found in Table 4.2. Aeerelgvance value is shown
in column 2. Average improvement value is shown in column 3oMg recommendations
are in cursive fonts. Trademarks are in bold fonts.

Some queries and recommendations in this table are spexifibite: “ElI Mercurio”
is an important national newspaper, “Colmena” is a privataithh insurance company but
the term “colmena” in Spanish also means beehive. It seeatsptpple searching for
honey producers where fooled by a link to the “Colmena” leakurance company. Some
sessions of the query for “health insurance company” coathiinks to “Colmena” that
appear high in the ranking for “honey bees”. This problemusthaisappear if we fix
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auto nissan centra,

automobiles fiat

i

fiat 600
11

fiat palio

Figure 4.7: Query i at and associated recommendations.

a higher consistency threshold, which would be possiblé Veitger logs. Folklore and
Biology are important activities in the “University of Chil that users might look for.
“Wel” is a computer store.

4.3 Conclusion

In this chapter we have introduced one method for query recendation based on user’s
click data that are simple to implement and has low computaticosts. The recommen-
dation method we propose here are made only if they are eeghezimprove the original
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Figure 4.8: Distribution of the opinions for the both quess.
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guery. Moreover, the algorithms do not rely on the partictéams appearing in the doc-
uments, making it robust to alternative formulations of @nitical information need. Our
experiments show that query graphs induced by our methaatiig information needs

and relate queries that allow to specify the original query.

Among the limitations of the methods, one is inherent to’asdick data: Only queries
present in the logs can be recommended and can give riseamneendations. On the
other hand, some recommendations are related to the terims ofiginal query so in these
cases its difficult to specify alternative concepts. Thbsg, query specification process
is limited to the quality of the original query. Finally, ques change in time and query
recommendation systems must reflect the dynamic natureeofidba. This will be the
focus of the next chapters.
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| Query | Relevance| Improvement| Recommended queries |

map of Santiago 81% 68% map of Chile
Santiago city
city map of Santiago
street map of Santiago
naval battle of Iquique  78% 76% Arturo Prat biography
J. Prieto government
treaty of Ancon
Chilean navy
computers 74% 61% sky Chile
Wei
motherboards
notebook
used trucks 70% 53% cars offers
used cars sales
used trucks rentals
trucks spare parts
El Mercurio 62% 52% El Mercurio of December
currency converter
El Mercurio de Valparaiso
El Mercurio de Antofagasta
wedding dresses 61% 55% dress rentals
wedding dress rentals
party dresses
bachelor party
health insurance 58% 55% Banmedica
companies Colmena
honey bees
contralory of health services
people finders 52% 45% Chilean finder
Argentinian finder
OLE search
Finder of Chilean people
dictionary 41% 34% English dictionary
dictionary for technology
look up words in a dictionary
tutorials
Universidad de Chile 41% 25% Universidad Catolica
university
folklore
biology

Table 4.2: Queries used for the experiments and recomniendatith strong levels of
consistency, sorted by relevance.



Chapter 5
Query Clustering Methods

In this chapter we will introduce methods to identify simitgueries based on vectorial
representations of query sessions using clustering #hgosi Firstly we will use a query
sessions vectorial representations considering termoked documents pounder by the
number of clicks of these documents in the sessions. Secaoveliwill propose to use
snippet terms. Applications proposed are document and/gaeommendation. To show
the effectiveness of our methods we set experiments withussa’'s click data evaluating
the precision of the recommended items.

This chapter has been partially published in [BYHMO4b], [BM0O4a] and
[BYHMO7].

5.1 The method based on document terms

We will identify similar queries representing them in a tewectorial space. Then we
can cluster the queries using traditional techniques i daihing. Two design factors
are involved in this step: the vectorial query represeotaéind the clustering technique.
In this chapter we will focus the first problem: to define anrappate query session
representation. The second element is address adoptimgpdesand popular clustering
technique: k-direct clustering. Basically, k-direct ¢kring methods need to define as the
input parameter the number of cluster. In a first approachdaeot know how many
clusters are in the query space. Thus we will define arbligrive number of cluster. Then

64
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we will repeat the clustering experiment with a differentrraer of cluster comparing the
guality of both solutions. This will be done for several nienbf cluster values choosing
the solution with the best performance. In this chapter wkuse the most popular k-direct
algorithm: k-means.

Thus basically our problem is reduced to find a good vectoeptesentation for the
queries. A first approach is to represent each query by theirygterms but as we know
from chapter 3, the query term space is sparse. But consglére user’s click data we
can represent each of them by the document terms selecteatkrgaery session. As a
consequence the term space is expanded from the query tao®a &pthe document term
space overcoming the problem of sparseness.

In this method, we will use a simple notion of query sessiamilar to the notion intro-
duced by Weret al. [WNZ01] which consists of a query, along with the URLSs clidke
its answer.

QuerySession := (query, (clickedURL)*)

A more detailed notion of query session may consider the odrdach clicked URL
and the answer page in which the URL appears, among othettadtean be considered
for further versions of the algorithm we present in this the®ur representation considers
only queries that appear in the query-log.

Our vocabulary is the set of all different words in the clidddRLs. Stopwordgfre-
guent words) are eliminated from the vocabulary considekeath term is weighted ac-
cording to the number of occurrences and the number of ctitkise documents in which
the term appears.

Given a query;, and a URLu, letPop(q, u) be the popularity of: (fraction of clicks) in
the answers of. LetTf(¢, u) be the number of occurrences of tetiim URL . We define
a vector representation for ¢, wheregli| is thei-th component of the vector associated to
thei-th term of the vocabulary (all different words), as follows

7l = Z Pop(q,u) x TE£(t;, u) (5.1)

S, maxy TE(L, u)

where the sum ranges over all clicked URLs. Note that ouresstation changes
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the inverse document frequency by click popularity in thasslcalt f - i df weighting
scheme.

Intuitively, each component of the query term vector repnéghe relevance of the term
for the query representation. This is calculated as folldaseach document we calculate
the product between the absolute frequency of the term inddcement (the number of
occurrences of the term in the document) and the populdrttyeadocument. A®op(q, u)
is defined as the fraction of clicks dfin the answers qf, it takes values in th§), 1] range.
Thus, in order to normalize each component, we divide by tiraber of occurrences of
the most frequent termax,; Tf(¢,u). As we normalize each document term weight with
the popularity, the sum over all the selected documentstedeies in théo, 1] range. As a
consequence, the query vectorial representation gesexakecument term spacelin 1],
wheren is the size of the vocabulary.

Different notions of vector similarity (e.g., cosine fuimct or Pearson correlation) can
be applied over the proposed vectorial representationeiest In this chapter we will use
the cosine function, which considers two documents sirfitaey have similar proportions
of occurrences of words (but could have different length ordroccurrence ordering).

The notion of query similarity we propose has several achged: (1) it is simple and
easy to compute; (2) it allows to relate queries that happée tivorded differently but stem
from the same information need; (3) it leads to similaritytnecas that are much less sparse
than matrices based on previous notions of query simitgdjythe vectorial representation
of queries we propose yields intuitive and useful featuagatterizations of clusters, as we
will show in the section of experiments.

5.1.1 Application: Query Recommendations
The query recommender algorithm operates in the followiags

1. Queries along with the text of their clicked URL's extettfrom the Web log are
clustered as was explained in the previous section. Thiprgprocessing phase of
the algorithm that can be conducted at periodical and regutiarvals.

2. Given aninput query(i.e., a query submitted to the search engine) we first find the
cluster to which the input query belongs. Then we computenk saore for each
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guery in the cluster. The method for computing the rank somesented next in
this section.

3. Finally, the related queries are returned ordered aougptd their rank score.

The rank score of a related query measures its interest avtstasned by combining
the following notions: (1Bimilarity of the query . The similarity of the query to the input
query. It is measured using the notion of similarity introdd previously. (2B5upport of
the query. This is a measure of how relevant is the query in the cluster.

One may consider the number of times the query has been satag the support of a
guery. However, by analyzing the logs in our experimentsauafl popular queries whose
answers are of little interest to users. In order to avoid plnoblem we define the support
of a query as the fraction of clicks in answers of the querys #stimated from the query
log as well. As an example, the queirge advertisemertias a relatively low popularity
(5.76%) in its cluster, but users in the cluster found this query\affective, as its support
in Figure 5.3 shows.

The similarity and support of a query can be normalized, &ed tinearly combined,
yielding the rank score of the query. Another approach maysicier to output a list of
suggestions showing the two measures to users, and to fatttivee the weight of each
measure for the final rank.

5.1.2 Application: Document Recommendations

The document recommender algorithm operates in the fatigwiay:

1. Queries and clicked URLs are extracted from the Web logscdchustered as was
explained previously.

2. For each cluster’;, compute and store the following; a lig% containing queries in
the cluster; and a lidt; containing thet-most popular URLSs irt;, along with their
popularity. Otherwise, do nothing.

This ranking can then be used to boost the original rankiggrahm using:
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NewRank (u) = fOri gRank(u) + (1 — 8)Rank(u). (5.2)

In this expressiorQx i gRank (' u) is the current ranking returned by the search engine
andRank( u) is given by the order of the URLSs in the cluster.

5.1.3 Experimental results

We compute the clusters by successive calls to a k-meansthigo using the CLUTO
software package We chose an implementation of a k-means algorithm for tm@ktity
and low computational cost of this approach, compared witleroclustering algorithms.
In addition, the k-means implementation chosen has showd gaality performance for
document clustering. We refer the reader to [ZK04] for dstabince queries in our ap-
proach are similar to vectors of Web documents, the req@ngésfor clustering queries in
our approach are similar to those for clustering documents.

The quality of the resulting clusters will be measure usiegt@rion function, adopted
by common implementations of a k-means algorithm [ZK02]e Tinction measures the
total sum of the similarities between the vectors and theroils of the cluster that are
assigned to. Let’, be a cluster found in a k-way clustering process (1 .. . k), and letc,
be the centroid of theth cluster. The criterion functiohis defined as:

k
| = %Z > sim(vi,c,), (5.3)

r=1 v,€C\

Zvi eCyr vi)

TCA R andn is the number of

where the centroid, of a clusterC, is defined a (
queries.

Since in a single run of a k-means algorithm the number oftetag is fixed, we
determine the final number of clusters by performing sudeessins of the algorithm.
Using real log data we show in figure 5.7 the quality of the tetssfound for different

values ofk. The curve below shows the incremental gain of the overallityuof the

ICLUTO is a software package developed at the University airidsota that provides a portfolio of
algorithms for clustering collections of documents in hijmensional vectorial representations. For further
information see http://www-users.cs.umn.edu/ karypisa¢.
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clusters.

We use the heuristic of determining a valueidbr which the increase of the solution
guality flattens markedly. We selectéd= 600. We ran the clustering algorithm on a Pen-
tium IV computer, with CPU clock rate of 2.4 GHz, 512MB RAM,drunning Windows
XP. The algorithm took 64 minutes to compute the 600 clusters
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Figure 5.1: Cluster quality vs. number of clusters.

We will feature a precision experiment in order to evaluae quality of the recom-
mended items. Firstly we will process a query log file to abtisignificant number of
guery sessions to represent queries according to our prdpastor. Second we will se-
lect ten queries and their clusters for the experimentsn TWeewill set a experiment based
on user opinions about the quality of the recommended iteansidering both applica-
tions: documents and queries. We will also describe theitguzf the clusters obtained
showing features and descriptive words.

In these first experiments we will work with a small query log filenoted byl in
section 3.2. In our experiments we consider ten queriesth@gter(teatro); (2) rental
apartments Via del mar(arriendo de departamentos erfa del maj; (3) chile rentals
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(arriendos chilg; (4) recipes(receta3; (5) roads of chilg(rutas de chilg; (6) fiat; (7) maps
of chile(mapas de chilg (8) resorts of chilgresorts de chilg (9) newspaperé&iarios) and
(10) tourism tenth regioifturismo decima regon). The ten queries were selected following
the probability distribution of the 6042 queries of the |ddne original queries along with
the results shown in this section are translated from Spani&nglish. Figure 5.2 shows
the clusters to which the queries belongs. Besides we shewaldister rank, the quality of
each cluster (average internal similarity), the clustee §humber of queries that belongs
to each cluster) and the set of feature terms that best deseaich cluster. Right next to
each feature term, there is a number that is the percentate @fithin cluster similarity
that this particular feature can explain.

Figure 5.3 shows the ranking suggested to Quewhdd rentalg. The second column
shows the popularity of the queries in the cluster. The tbaddmn shows the support, and
the last column depicts the similarity of the queries. Theras are ordered according to
their similarity to the input query.

For a non-expert user the keywokehmannmay be unfamiliar for searching rental
adds. However, this term refers to a rental agency havingrafgiant presence in Web
directories and ads of rentals in Chile. Notice that our algm found relation between
gueries without related terms.

Query Recommendation Evaluation In order to asses the quality of the queries recom-
mended, we follow a similar approach to Fonsetal [FGDMZ03]. The relevance of
each query to the input query were judged by members of owarttepnt. They analyzed
the answers of the queries and determined the URL’s in theemsghat are of interest to
the input query. Our results are given in graphs showingigimtvs. number of recom-
mended queries. Figure 5.4 shows the average precisiohdagueries considered in the
experiments.

The figure shows the precision of a ranking obtained usingitindarity, support, and
popularity of the queries. The graphs show that using thep@tmeasure, in average, we
obtain a precision 080% for the first 3 recommended queries. For both popularity and
similarity, the precision decreases, however the pogylaank has better precision than
the the other methods.
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Cluster
Rank
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q2
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rental apartments
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Osorno(5, 5%)
Chaiten (3, 7%)

Figure 5.2: Clusters for the experiment, sorted by theistelurank.
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| Query | Pop. (%) | Support () | Similarity |
rentals 23,74 0,24 0,998
real estate 1,44 0,1 0,9852
lehmann properties 0,72 0,1 0,963
properties 56,83 0,19 0,7203
parcel purchase 3,6 0,1 0,7089
rentals offices 2,52 0,19 0,655
free advertisement 5,76 0,29 0,602
rentals apartments 3,6 0,24 0,396

Figure 5.3: Ranking of queries recommended to the qGéile rentals
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Figure 5.4: Average retrieval precision for the queriessidered in the experiments.

Document Recommendation Evaluation Figure 5.5 illustrates the average retrieval pre-
cision of TodoCL and the proposed ranking algorithm, for tiye 10 answers of each of
the ten queries studied. In order to evaluate the qualithefranking approach based on
query-logs we us@ = 0 for the linear combination. The judgements of the relevance
of the answers to each query were performed also by peopte oo computer science
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department. The figure shows that the proposed algorithrsigaificantly boost the aver-
age precision of TodoCL. For the top-2 answers the two dlgms behave similarly since
TodoCL in general returns good answer at the top and usedstéeclick them. The im-
provement in the retrieval quality of the original algonthbecomes notorious when we
consider answer sets of more than three documents, whenefdineation carried by the
clicks is very useful to discard documents that are of lititerest to users.

For six of the ten queries studied, the proposed algoritrear} outperformed the
retrieval precision of TodoCL. In two of them the originagatithm performed slightly
better. A possible explanation for this is that some releWdRLs returned by TodoCL is
the first places of these queries had text descriptors that ma attractive to users.
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Figure 5.5: Average retrieval precision for the documentssaered in the experiments.

In this section we have presented a method for suggestiateteueries based on a
clustering process over data extracted from the query ldge method can be identify
related queries who not share common terms in the query spdue method could be
easily used for query and document recommendation. Theaugttoposed is simple and
has reasonable computational cost for periodical pregsicg. Our experiments show that
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it achieves good results in improving the retrieval prexisof the popular search engine
for the Chilean Web, TodoCL [Tod]. However four main probkearise: the evaluation
function is proportional to the number of clusters so thdwatson is biased to the k value.
Also we do not know the number of clusters. The second prolidemlimitation of the
clustering technique. K-means is sensitive to noise effe®oise could be introduced
by terms who are not related to the meaning of the documenmtsexample caused by
spamdexingsee chapter 1). A third problem is related with the efficieinthe clustering
algorithm: k-means in general can be extremely slow. Rreatlother problem inherent to
the use of query logs is that the clicked URLs are biased toahking algorithm of the
search engine.

In the following section we will preform experiments withrd@r logs and also probing
a new query session representation based on snippet teimaly kve will work in how to
reduce the bias induced by the position of the documentsiseharch engine interface.

5.2 The method based on snippets

In this section we present a query clustering process basedterm-weight vector rep-
resentation of queries, obtained by aggregating the teengiw vectors of the snippet as-
sociated to the selected URL’s for the query. The conswoatif the vectors includes a
technique to reduce and adjust the bias of the preferendéRlt in answers.

Because the vectorial representation of a queries is aatdipaggregating term-weight
vectors of the snippet of the documents, our method avo&lpribblems of comparing and
clustering sparse collection of vectors, a problem thaeappin chapter 3. The central idea
in our vectorial representation of queries, is to allow rpaiating and processing queries
in the same fashion as document are handle in traditionay$kems, therefore allowing a
fully symmetric treatment of queries and documents. In fiimn, query clustering turns
into a similar problem to document clustering. The propasedhod is basically an im-
provement over the method presented in the previous se@@&forming more extensive
experimentation over the quality of the recommendationisdeiining a method to reduce
de bias introducing in the user’s clicks by the position &tffe
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We present two applications of our clustering method: quecpmmendation and an-
swer ranking. The use of query clustering for query recondagan has been suggested
by Beeferman and Berger [BB0OO], however as far as we knovetiseno formal study of
the problem. Regarding answer ranking, we are not awarerofdioresearch on the ap-
plication of query clustering to this problem. For both apgtions we provide a criterion
to rank the suggested URL’s and queries that combinesithgarity of the query (resp.
URL) to the input query and th&upportof the query (resp., URL) in the cluster. The sup-
port measures how much the recommended query (resp. URI3ttnasted the attention
of users. The rank estimate thterestof the query (resp., URL) to the user that submit-
ted the input query. It is important to include a measursugportfor the recommended
gueries (resp., URL's), because queries (URL’s) that aeéuliso many users are worth to
be recommended in our context.

We next present the term-weight vector model for a query. hEsadppet term is
weighted according to the number of occurrences and the auoflclicks of the docu-
ments in which the term appears.

Given a query;, and a URLw, letPop(u, ¢) be the number of clicks to in the sessions
related to query;. Let Tf(¢,u) be, as usual, the number of occurrences of teimthe
snippet of the URLx. In this method we reduce the vocabulary to the terms predent
the snippet of the document because they are reviewing éouslkr before the document
selection. Thus, this terms are closely related to the meapéhind the original query.
Intuitively, we expect that this reduced set of terms cowddalioid the noise effect of the
method presented in the previous section.

Stopwordsare eliminated from the vocabulary considered. We definevidatorial
representation of a query, in a similar way as was defining for the previous method, as
follows:

dli] = Z Pop(u, q) X T£(t;, u) (5.4)

G, maxy TE(L, u)

That is,Pop plays the role ofldf in the well-known tf-idf weighting scheme for the
vector model.
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5.2.1 The bias reduction method

Now we will present the method to reduce de bias introducinthke position effect. As-
sume that users submit queries and have plenty time to chaoseng the whole set of
URLs in the Web, the URLSs that they like as answers to a quarysuch a process we
can easily estimate the relevance of a page. However, wetaestimate relevances from
the query log. The main problem in doing so is in the fact th&LE are returned by
search engines in some ordering, and their preferencesgisared in the log, are biased
against such ordering. In the remainder of the section wegnitea method to estimate the
relevance of a page to a query from the clicks of the page mdderom the logs.

First we define the following random process. When a user gubqueryq, the URL
u is returned at a position in the answer ranking. Then the user with some probability
denotedP,;.;;(X > r) skips the process at some URL greater theif the user reaches
the position-, then he/she selects the URLlwith probability Py;;..s(u|q), otherwise he/she
does not select the URL

Given a queryg and URL u, we denote byRank(u, q) the current rank of. in the
answers of;. Let us denote by,,..x(u|q) the probability a user selects given that she/he
has submitted the quety considering that appeared in positioRank(u, ¢) in the answer
ranking. We have:

lDlogs (U|Q) - Pvisit(X > Rank(u, Q))Plzkes<u|Q)

Thus, in order to estimatB;;.(u|q), we only need to estimate ;,;;(X > r), for each
r. We posit that each successive position in the rank is lkslylto be reached by users,
with a power-law decay. We use a power-law because this idiitiebution that appears
in incoming-links [BKM*00] as well as in term frequency. In addition, the distribati
of ranking of clicks in our data follows a power-law, althduthere are discontinuities
due to the 10 answer-per-page output. More precisely, §thcg(x) gives the probability
a user visit’s is greater than or equal:tpit can be modeled using the following Pareto
distribution:

1
Pvisit(X 2 IE’) = 7 (55)

b
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Thus, we have:

Piikes(t]q) = Prani(ulq)(Rank(u, q))".

The CDF of the Pareto distribution &,;,;(X < r) = 1 — (1/r)", and its PDF is
Puisit(X = r) = br~®+1) which is a power-law distribution. The latter represetis t
probability a user exits the process exactly at the positiol remains to estimate We
do so as follows. Given a query session we assume that thexiteat the largest position
in the answer list of a clicked URL. Then we fit a power-law dizgition to the histogram
for the frequencies of estimated exit positions. Figureshéws a plot of the logarithm
for the rank of last URLs clicked in query sessions versugdfgarithm for the number of
users. We fitted a power-law distribution over this data,ohhéads td = 1.725.
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Figure 5.6: Plot of the logarithm for the Rank of last URLk&d in query sessions versus
the logarithm for the number of users.

Finally, the adjusted popularity is as follows:

AdjPop(u, q) = Pop(u, ¢)(Rank(u, q))b (5.6)
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In the unbiased similarity function, we replaeep(u, ¢) by AdjPop(u, ¢) in the vecto-
rial representation given in Formula 5.4.

5.2.2 Experimental Results

In order to evaluate our method, we performed experimerstbels log file. We selected
the 30.363 queries with more the one session, which yield8P47sessions. This sessions
have 431.432 clicks in total, which are over 131.924 documen

Section 5.2.3 shows experiments for the clustering prolcesgueries and their vector
representation extracted frofy. Section 5.2.4 shows experiments for the comparison of
the distance functions proposed with other distance fanstproposed in the literature.
The selected clustering presented in section 5.2.5 is usedaiuate the answer ranking
and query recommendation applications using 30 selectedasgu

5.2.3 Clustering Process

In this section, we study the clustering process for theor@dtrepresentations of queries
given in Section 5.1 over a 6-month log. After removing staqrds we reach 98370 terms
for the vectorial representation of the queries. We comgltecases with and without bias
reduction. Figure 5.7 shows the quality of the clusters &bfan different values of: (recall
thatk is the number of clusters found). The quality is calculatetha value of the criterion
function for this cluster. The figure display the clusteriquality for the similarity function
givenin Section 5.2 (labeled snippet term) and the sintyléwinction given in Section 5.2.1
(labeled unbiased snippet term). The qualities displayati® curves of Figure 5.7 are not
comparable since they are based on different similaritction. However, the curves
show a similar behavior, where a plateau is reached aréuad00 (number of clusters).
Table 5.1 shows statistics for the clusters foundifer 600 for the 6-month log. The table
shows an overall cluster quality (Equation 5.3) of 1490@] awerage internal similarity
between queries in each cluster of 0.2596 for the clustdrasged on snippet terms and
an overall cluster quality of 14900 and average internallanity between queries in each
cluster of 0.2614 for the clustering based on unbiased shippms.

Figures 5.8 (A) and (B) show histograms for the number of igseper cluster for
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Figure 5.7: Quality of clusters vs. number of clusters.

| | Exc. Terms| Unb. Exc. Termg

Overall Cluster Quality 14900 14900
Internal Similarity (Avg) 0.2596 0.2614
Internal Similarity (StDev)| 0.0678 0.0678
External Similarity (Avg) 0.0512 0.0514
External Similarity (StDev) 0.0186 0.0188

Table 5.1: Statistics for the clusters found fo&= 600

k = 600. The solution shows an adequate distribution of queriecipster. The average
number of queries per clusteris for both solutions, with standard deviations3af and
35. For both solutions (i.e. over the 1200 clusters calcuatieelre are only 121 cluster
with less thar20 queries. Moreover there aren’t clusters with less than Hiigs. Thus
we will use for the experiments the solution calculatedifer 600 because it represents a
good tradeoff between the quality of the clusters and theeadizhe clusters.

We ran the algorithms on a Pentium IV computer, with CPU clcatie of 2.4 GHz,
1024MB RAM, and running Fedora 4. Figure 5.9 shows the ruptimes of the clustering
processes for the proposed similarity functions.
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Figure 5.8: Histogram of the number of queries per clustettfe (A) snippet terms based
method and the (B) unbiased snippet terms based method.
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Figure 5.9: Running Time for the Clustering Processes.

5.2.4 Distance functions comparison

To determine the dependence between the proposed distamdeons, we calculate dis-
tance matrices between 500 queries, selected by theirgayuln order to perform a more
extensive comparison, we consider two additional distéumeetions introduced in [BBOO]:
a) Queries represented by their terms usirig-al DF weighting schema and b) Queries
represented by document co-citation, calculated overdheation of selected documents.
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We perform aMantel’s testto compare the distance matrices. Let A and B be two
distance matrices aV x N elements. We calculate a statistic given by:

N

N

i=1 j=1

If the two distances are small in the same places, and bigeisdime places the value
of Z will be large indicating a strong link between the distangactions. To test the
significance of such a link, a permutation test is performésing a Monte Carlo method,
the elements of one of the distance matrices is permuteck\itgl other is hold constant.
Each time the value aof is recalculated. Finally a P-value is obtained comparimgtést
statistic with each recalculated valueof

For the experiment we used 1000 permutations. In table 5.28hee/ theZ and P
values for the experiment. In the third column we also shaRkarson Correlation Co-
efficient. As the experiment results show, there is a sigaticlependence between the
distance pair based on Query Terms and based on Co-citatibimare is a moderated cor-
relation between the pair of proposed functions. This igifive: documents are retrieved
because they contain query terms so it stands to reason ttedation of co-citation and
guery terms would be high. Dependencies and correlatiomngslea the other pairs are not
significant.

| | ZValue| P Value | Pearson Correlatioh

Query terms vs Co-citation 4914 | 0.000998 0.905293
Query terms vs snippet terms 4558 | 0.000996 0.365039
Query terms vs Unb. snippet terms 4501 | 0.000996 0.365535
Co-citation vs snippet terms 4570 | 0.000999 0.391686
Co-citation vs Unb. snippet terms| 4512 | 0.000999 0.390907
shippet terms vs Unb. snippet terms4506 | 0.000998 0.650991

Table 5.2: Distance functions comparison based on a Martest.

In figure 5.10 we show histograms for the distances caladilater the query collec-
tion. The histograms for the proposed distance functiongigge a strong differentiation
between the queries. Figure 5.10(C) shows that#3e of the distances are less than 0.95
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for the representation based on snippet terms. Figure 3)Xhows that over th&0% of
the distances are less than 0.95 for the representatiod basasbiased snippet terms. On
the other hand, figures 5.10(A) and 5.10(B) show that for tedce functions based on
query terms and co-citation, over th&% of the distances belong to the majority class,

very close to the maximum value.
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Figure 5.10: (A) Histogram of the distances for the querytebased function. (B) His-
togram of the distances for the co-citation based funct{@).Histogram of the distances
for the snippet terms based function. (D) Histogram of tis¢agices for the unbiased snip-

pet terms based function.

Finally to compare each proposed distance function we useat $00 pairs of quasi-
synonym queries. For each pair of queries and for each fumete calculate the distance
between them. As the pairs of queries are very close seralintive expect to obtain small
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distance values. In table 5.3 we show the results for eatandis function. The results are
shown by deciles. Each element of the table represent tlrem@ge of the set of queries
pairs that belong to the decile. In table 5.4 we show the nmsdi@ each decile and for each
distance function. In 5.5 we show a table that illustratesekperiment. For 20 selected
pairs of queries and for each distance function, we show itarttes calculated and the
associated percentile. Rows are sorted by distance, inotlesving order: query terms
distance function, co-citation distance function, snigyel unbiased snippet term distance
function. Values in bold fonts represent the better redoltdshe query pair comparison.
As table 5.5 shows, in 9 of the 20 pairs the better result iseseld with the proposed
functions. Instead of in the remaining comparisons theebeétsults are achieved by the
distance functions based on query terms or co-citationptbposed functions achieve
good results, having low percentiles in the distance distion. On the other hand, the
first 7 comparisons are very disappointed for the distanoetions based on query terms
or co-citation. They classify the pairs in the worst pergerf the distribution. The reason
why is that the distance distribution based on query terntoeritation basically achieve
a binary separation in the data as the histograms 5.10 shiows, Tost of the pairs have
distance 1. In the co-citation distance distribution thisugtity is close to th&5% of the
pairs and in the query terms distance distribution is closté90% (see table 5.3). The
remaining pairs are classified into the first percentilehefdistance distributions (showed
in the last rows of the table 5.5).

| | A [ d> [ ds | dy [ ds [ do [ dr [ ds [do] do |
Query 207 0 O] O] O] O] 0] O0]O0]|T793
terms
Co-citaton| 53 | 0 | 0O | O | O | O] O | O | O| 47
snippet 68.5/95/4.7/02{95|28[47|01| 0| O
terms
Unb. snip-| 69 |9.7/88|45|35(42|03] 0 |0| O
pet terms

Table 5.3: Distance distributions for a set of 600 pairs aissynonym queries. Results
are shown in percentages.
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| |y [ ma [ mg [ma | ms | mg | mz | ms [ my | my]
Query 0.95 1 1 1 1 1 1 1 1 1
terms

Co-citation | 0.95 1 1 1 1 1 1 1 1 1

snippet 0.575/0.85| 0.875| 0.9 | 0.911| 0.925| 0.95 | 0.975| 1 1
terms
Unb. snip-| 0.575| 0.8 | 0.825| 0.85| 0.875| 0.9 | 0.925| 0.95 | 1 1
pet terms

Table 5.4: Medians for each decile of the distance distidmstshown in table 5.3.

5.2.5 Evaluation of recommendation algorithms

We will evaluate the applications proposed in the previagsisn but using the new query
clusterring method. In order to do this we consider a studysdét of 30 randomly selected
qgueries. The 30 queries were selected following the prdibabistribution of the30363
gueries of the 6-month log. In table 5.6 we show the selectedies for the experiments
and some descriptive features of their clusters calculasaty the unbiased snippet terms
based solution fok = 600. The results are sorted by the cluster rank, that indicées t
quality of the cluster.

The first column of Table 5.6 shows the selected queries. &b@sl column gives the
rank of the clusters, according to their quality. The thiotlienn shows the cluster quality
(the inner quality value). The fourth column shows the @dusize. The last column depicts
the set of feature terms that best describe each one of thedu We have translated the
terms in the original language of the search engine. Rigkittoeeach feature term, there
is a number that is the percentage of the within cluster anityi that this particular feature
can explain. For example, for the cluster of the quesgd notebookbe feature "compaq”
explains thet1% of the average similarity of the queries in the cluster. itivtely, these
terms represent a subset of dimensions (in the vectorie¢septation of the query traces)
for which a large fraction of objects agree. The cluster ciisjéorm a dense subspace for
these dimensions. Only the more relevant feature termshargesl in the table.

Our results show that many clusters represent clearly defimermation needs of
search engine users and reflect semantic connections lmetueees which do not share
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| Queries | Query t.| P% | Co-cit. | P% | snippett.| P% | Unb. Exc. t.| P% |

houses - propt 1 100 1 100| 0.899 | 42 0.874 25
erties
Chilean music 1 100 1 100| 0.869 | 19 0.852 23
- cueca

hospitals - 1 100 1 100| 0.913 47 0.882 36
clinics
crashed cars t 1 100 1 100| 0.958 61 0.916 59

dismantlers
games - toys 1 100 1 100 0.791 8 0.735 6
Chilean food 1 100 1 100| 0.861 19 0.825 12

recipes -

typical food

movies - films 1 100 1 100| 0.741 5 0.642 4
tarot - horo- 1 100| 0.981 | 12 0.872 20 0.771 7
scope

automobile 1 100| 0.971| 9 0.597 4 0.549 3
dealers - cal

sales

estate agency 1 100| 0.967 | 8 0.449 3 0.411 3
- construction

companies

work - job 1 100| 0.958 | 4 0.822 9 0.811 11
jokes - humor 1 100| 0.956 | 4 0.766 8 0.749 7
cars - automos 1 100| 0.944 | 1 0.77 8 0.71 5
biles

pubs - bars 1 100 0925 | 1 0.701 5 0.604 4
tires - wheel 1 100| 0916 | 1 0.556 3 0.584 4
rims

plans - maps 1 100| 0.874 | 1 0.44 3 0.51 3
work offers -| 0.591 1 | 0966 | 8 0.388 3 0.323 3

job offers
chords - songs 0.422 1 ]0761| 1 0.318 3 0.372 3
with chords
travel agencies 0.333 1 ]0869| 1 0.408 3 0.406 3
- tourism
agencies

mp3 - free| 0.292 1 /0894 1 0.231 3 0.357 3
mp3

Table 5.5: Distance functions comparison based on quasirgyn queries sorted by dis-
tance. The columns labeled witk(%; indicate the percentile in the distance function distri-
bution
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guery words. As an example, the feature tdmrakesof the cluster of queryyresreveals
that users that search for web sites about tyres, also s&aratformation about brakes.
Probably, some sites containing information about tyregaio references to brakes. An-
other example is the termestaurantrelated to querfood home deliverywhich shows
that users searching féwod home delivergre mainly interested in restaurant information.
These examples, and many others found in our results, shibedility of our framework
for discovering information needs related to queries.

5.2.6 Query Recommendation

In order to asses the quality of the query recommendaticori#thgn for the thirty queries
given in Table 5.6, we follow a similar approach to Fonsetal [FGDMZ03]. The rel-
evance of each query to the input query were judged by 20 mendieours Computer
Science Departments. They analyzed if the answers of theeguare of interest to the
input query. Each query was evaluated through 5 levels efagice. Then, the relevance
of each item was calculated as the average among all themelgs given by the expert
group. Every expert evaluated all the queries.

Our results are given in graphs showing precision vs. nustifeecommended queries.
Figure 5.11 shows the average precision for the queriesdenes! in the experiments. For
the methods based on co-citation and query terms the sa@eslaulated using the pop-
ularity of the queries. In average, with the proposed methegl obtain a precision 6%
for the first ten recommended queries. Therefore, the stedjgseries are relevant to users
that submitted the original queries. Our results also shawthe rank schemas proposed
are better than the scores obtained by considering onlydpelarity of the queries in the
cluster that are recommended using co-citation or querggefFinally, the method based
on unbiased snippet terms is the best of the methods coadidethe experiments.

5.2.7 Answer Ranking

We compared our ranking algorithm with the algorithm pr@ddy the search engine for
the thirty queries given in Table 5.6. The proposed rankiggr&ghm was performed using
6 = 0. The ranking algorithm of the search engine is based on aflbdtwork which
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Figure 5.11: Average retrieval precision of the query recm@mndation algorithms.

is trained with links and content of Web pages, and does nasider logs. The top-10
answers of the queries studied were considered in the expeti The judgments of the
relevance of the answers to each query were performed bylgpéom ours Computer
Science Departments.

Figure 5.12 shows the average retrieval precision of theeBemgine and the proposed
algorithms for answer ranking using both methods. The gsaplws that our algorithm can
significantly boost the average precision of the searchnengtor all the queries studied
in the experiment our algorithm outperforms the rankinghaf search engine. Over the
top-10 results the average precision of the proposed meshagproximately65%. The
original rank has only an average precisiors@f. Over the top-5 results the difference is
more significant. Our methods are close to a precision vdl@g% while the original rank
is close to thes0%. Finally the figure shows that the method based on unbiaspgetn
terms is better than the other two methods.

For the 300 documents evaluated by users, we show in figuB&bsdkatter plot of
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Figure 5.12: Average retrieval precision of the proposedtireg algorithm.

the ranking based on unbiased snippet terms and the originkl As the plot shows,
our method has a low degree of dependence with the originddade In fact the Pearson
coefficient of both rankings is only 0.3639. The graph cowddrierpreted as follows: for
the first recommended documents by our method, the origam is in the 1 - 6 range.
Some of the first recommendations have original positioriseriast 20 or 30 places. This
is a direct consequence of the unbiased method.
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Figure 5.13: Scatter plot of the original ranking versus gheposed ranking for the 300
documents considered in the experiments.

5.3 Conclusion

We have proposed two methods that allow us to find groups cdsgaally related queries.
Our experiments show that the bias reduction techniquegsexpimproves the quality of
the clusters found. It is possible to conclude also that teéhod based on snippet terms
reduce the noise associated to broad and imprecise vocaisuda the used in the formu-
lations of documents. The results also provide enough eegléhat our ranking algorithm
improves the retrieval precision of the search engine, hatldur query recommender al-
gorithm has good precision in the sense that it returns aaelsyueries to the input query.
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The notions of query similarity we propose has several atdwges: they are simple and
easy to compute; they allow to relate queries that happea tedoded differently but stem
from the same user need; they lead to similarity matricesdremuch less sparse than
matrices based on previous notions of query similarity;linthe vectorial representation
of queries we propose yields intuitive and useful featuigatierizations of clusters.
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Query Cluster Cluster | Size| Descriptive Terms
Rank | Quality
bikinis 1 0.863 11 | swimsuits 2%)
Chilean typical food | 30 0.315 45 | typical (9%) south ¢%)
Kino 46 0.278 33 | Polla (24%) Iman (19%) Loteria
(5%)
embassy oCanada | 67 0.261 27 | embassiesi@%) consulatesi8%)
divorce law 68 0.260 49 | marriage 40%) law (12%) married
couple 6%)

Chilean chats 73 0.248 43 | nick (2%) chat roomsZ%)
swimming pools | 76 0.244 45 | swimming pool 60%) Jacuzzi £%)
plots 94 0.241 74 | sales 21%) rentals (7%) proper-
ties (12%)
second hand laptops 95 0.228 34 | Compaq(41%) Toshiba(7%)
used cars Chile | 100 | 0.226 93 | cars (1%) automobiles (%) vehi-

cles (%)
lemon pie 117 | 0.221 57 | catering serviced(:) cakes (%)
rental 119 | 0.219 56 | properties £7%) apartmentsi0%)

rentals inlquique | 119 | 0.219 56 | properties £7%) apartmentsq’)
prefabricated homes 126 | 0.217 30 | intermodal (6%) houses11%)
Yellowpages 135 | 0.209 50 | Publiguias(38%) pages (7%)
applications 155 | 0.206 55 | judicial (19%) appeal {8%)
ministries 164 |0.2 166 | law (35%) incise (11%) ministry
(3%)
Harry Potter 188 | 0.190 86 | Papeluchd38%) literature %)
V Regioncabins 205 | 0.180 37 | Quisco(32%) Algarrobo(12%)

Via del Mar 226 | 0.177 76 | Valparaiso(75%) guest house2(t)
tires 228 | 0.173 55 | brakes 41%) batteries ¢%)
Spare pieces 247 ] 0.170 74 | accesories 48%) auto body shop
(2%)
INE 269 | 0.164 28 | IPC (25%) statistics (1%)
florist shop 304 | 0.153 34 | flower (21%) roses (7%) lower
bouquets (4%)
emotional Intelligence 351 | 0.148 51 | Reiki(13%) Yoga(8%)
bars 390 |0.142 81 | panoramasi@%) gastronomy %)
steam cycle 443 | 0.139 70 | weather {(2%) mountain chain
(7%)
food home delivery | 481 | 0.120 92 | food (41%) dishes (2%) restau-
rants %)
software 543 | 0.102 82 | software {2%) Windows(18%)

Chile post office 578 | 0.095 130 | companies (%) market 6%)

Table 5.6: Queries selected for the experiments and theecligswhich they belong for the
solution obtained using the unbiased snippet terms bas#wohérk = 600. Results are
sorted by their cluster rank. Proper nouns are showed instal



Chapter 6
Query Classification Methods

In this chapter we study how to classify a query in a given taxoy. The motivation is
to identify well defined concepts behind Web queries. To d@g the use Web directories,
classifying the original query in a category of the diregtoAfter this, we finalize the
chapter, introducing a method to keep directories updalectvaluate the success of our
approaches, we perform experiments using user’s click data

This chapter has been partially published in [CHMO6].

6.1 The classification method

6.1.1 Preliminaries

Directories are hierarchies of classes which group doctsneovering related topics
[BYRN99]. Directories are compounded by nodes. Each nogesents a category where
Web resources are classified. Queries and documents aitetrallly considered as Web
resources. The main advantage of the use of directoriesigftive find the appropiate
category, the related resources will be useful in most cd€f8YRN99].

The structure of a directory is as follows: the root categepresents thall node. The
all node means the complete corpus of human knowledge. @Hugieries and documents
are relevant to the root category. Each category shows afldgdcuments related to the
category subject. Traditionally, documents are manuddlgsified by human editors.

92
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The categories are organized in a child/parent relatignshhe child/parent relation
can be viewed as an "IS-A” relationship. Thus, the childiparelation represents a gen-
eralization/specialization relation of the concepts espnted by the categories.

It is possible to add links among categories without follegvihe hierarchical structure
of the directory. These kind of links represent relatiopshamong subjects of different
categories in the directory which share descriptive teraishhve different meanings. For
example, in the TODOCL directory [Tod], the categ@yorts/aerial/aviatiorhas a link
to the categonpusiness & economy/transport/aeria¢cause they share the tegmarial
that has two meanings: in one category the term is relategpddssand in the other to
transportation.

Arelevant property of web directories is inheritance. Acliog to Chakrabarti [Cha03]
we will use the following definition ofnheritance If a categoryc, is the parent of a
categoryc;, any web item that belongs tg also belongs ta,.

If we understand a parent/child relation as an "IS-A” ralatip, any web item that
belongs to a descendant of a given category represespe@alizationof its meaning.
Conversely, any web item is related to the meaning of therpar@egories and the rela-
tionship among them representgeneralization

A hierarchical classification method should consider idé@sign a minimal consistency
between the classification rules and the taxonomy structMeestate the following princi-
ple from the consistency of a hierarchical classificatioet dbe a category in a taxonomy
7 andq be a query semantically related with If ¢ is classified inta:, the classification is
consistent withr only if ¢ was classified in all the parents of

We can generalize the principle introduced above as a gehiarchical classifier.
Let A be a hierarchical classifier andbe a taxonomyA is consistent with- only if for
each query; classified intor underA, the classification satisfies the consistency principle
in hierarchical classification.

As it was presented in the state of the art chapter, frequentlassification schema
is worked out following a flat approach. A flat approach clssithe Web resource into
the nearest category using a distance function, withoutangtraint related to the hierar-
chical structure of the taxonomy. The main problem of flat elsds the violation of the
consistency principle. In general a flat model does not gueeathe consistency principle
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because it follows a simple rule of minimum distance.
In the following section, we present a method based on ldkieal classification ac-
cording to the Consistency Principle in Hierarchical Cifeess.

6.1.2 The classification method

Search engines show their recommended documents to gasiliets of items where each
item is formed by the document URL, the title and a snippet Jiippet expresses the sec-
tion of the document which is closer to the query. Intuityyéthe snippet is semantically
related to the user query, then the user will select the deozm

As in the previous chapter, we will consider the terms of thipgets to build a term-
weighted vectorial representation. In order to do this, weasure the relevance of each
snippet considering another variant useful for our repriegmn: the time spent in each
document visit. We will use the following assumption: therecelevant the document is,
the longer the user will spend visiting it. Finally, we wilka include query terms. For our
representation the query is another selected documeneviisemeaning is expressed by
the query terms.

Now we will formalize the representation. Given a query &8ss, let ¢ be the query
associated t@, and letU, be the set of documents selectedsin For a document: in
Us, letTf, , andT f, , be the number of occurrences of the term the queryg and in
the document snippet af, respectively. We built our representation from the docoime
snippets inU, and the query; considering &f — idf scheme proportional to the tintg
spent in each document selected, and normalized by thdita&t, in the session.

Let v, be the term vector for a query sessigrwhereu,|i] is thei-th component of a
vector associated to theh term of the vocabulary. Theth component|i] of the vector
is defined as follows:

, Tf Ng 1
s = (0,5—-05—"21_ 1 6.1
ol ( max qu) “ e U ©-4)
1 Tfiu ty
) 1 =
* §.|U5| maz T f, Ognths’
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where @ is the query collection (the set of queries formulated argistered in the
logs), N, is the number of queries i, n; ¢, is the relative frequency of theth term in@
(the number of queries i@ where tha-th term appears]/ is the document collection (the
set of selected documents registered in the Iays)is the number of documents ih, and
finally n, ,, is the relative frequency of theth term in the document sét (the number of
documents itV where thd-th term appears).

The first half of the equation represents the weight ofittiteterm for the user query.
We use the schema proposed by Salton and Buckley in ordeoio awsparse term vector.
The second half of the equation is a sum of the weights of-theéerm for each selected
document in the session. Each weight is normalized withithe spent by the user in the
Visit.

To calculate this representation, we retrieve the snippe¢dch pair query-document.
Snippet terms are processed in order to elimis&dpwords Visit times are also calculated
from the user’s click data.

Similarly, for a category:, we obtain a term vector representation by aggregating
the text of every snippet that appears in the category. Bxisdomprises the descriptive
text of the category and the snippets of the documents listéte category.

Each query will be classified following a top-down approakhist, we will determine
the closest centroid to the query considering all the cefdrat the first level of depth in
the concept taxonomy. Then we repeat the process for eaehdkthe taxonomy while
the distance between the query and the closest centroidb®iiléss than the distance at
the previous level. The top-down approach is used to avadtise effects introduced
by document and query terms. From our point of view, the textl@vance decreases from
general topics to sub-topics. In figure 6.1 we illustratediassification schema.

Now, we formalize the method. Letbe a query in a collectio@’ of queries registered
in the logs and:; ; be the i-th category in the j-th level of a web taxonomy For the
root of the web taxonomy, the nearest category to the quetgteymined. Let, , be the
closest category t@ at the root level of- andI'(c. o) be the children set aof, o. In the next
iteration of the method the classifier calculates the desabetween and each category in
I'(c.0). Then the nearest categorylifi. o) is determined. Let,,;»(q, c.1) be the distance
betweeny and the closest categoryliic, o) andd,..,(q, c.o) be the distance betweeran
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Figure 6.1: The hierarchical classification schema progose

the closest category at the root levelrofif d,,;,(q, c.1) < dmin(q, cc0) theng is classified

in the closest category of the first levelaf Then, in the next iteration of the method, the
classifier calculates the distances betweemd each category ifi(c, ;). Otherwise, the
method stops.

6.1.3 Experimental results

In order to evaluate the proposed method, the following expnts will be carried out.
First of all, we classify 33,163 queries in the taxonomy ofl@GL [Tod], using thel4 log
file from the TodoCL search engine, the same data set thatseasfar the experiments on
the chapter of query clustering.

We intend to illustrate with examples that the clasificatimathod has the ability to
identify concepts related to the query. To do this, we rangiasrlect 30 queries from
the total. On the 30 queries, we will carry out experimentt thllow to evaluate the
appropriateness of the classification and its usefulnesbéauser. Table 6.1 shows the 30
gueries considered in our experiments, the taxonomy notlesenthey are classified and
the distance between the vectorial representations ohttial iquery and the node.

The hyphen indicates specialization in the taxonomy. Fangde, theart- music-midi
node shows that the query about Chilean music history wasiéked in the art topic, music
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section and in the midi topic within music. As we can see, esbicted query is related to
a well defined concept that describes one possible meanioge Nf the selected queries
are false positive regarding the classification goal.

As a second experiment, we perfom an expert evaluation dfigrarchical classifier
compared with a flat classifier. We will use for this companisa flat classifier based on
minimum distance. In order to evaluate the quality of thesifecation approaches, we will
compare both classifiers using the same distance functmdoThis, we use the function
proposed in the equation 6.1.

A group of experts evaluated the relevance of the node wieretery is classified
according to its meaning. We presented to 19 persons ofeliffdackgrounds the thirty
gueries and their categories. We asked one question to thieipants: Is the category
relevant to the query? The answer could be expressed usavgnee degrees varying from
0 - 4, from lower to higher relevance. Subsequently, we ¢aled the average relevance of
every query on every opinion expressed by the users. Thebdisbn of the opinions over
the 5 possible values is shown in Figure 6.2.

10
0

Number of recommendations

Number of recommendations

? L

0 1 2 3 4 3 4

Relevance Relevance

A B

Figure 6.2: User opinions for the experiments based on gtawynomy classification.
Figure A) shows the results for the hierarchical classifret Rigure B) shows the results
for the flat classifier.

Figure 6.2-A shows that over the %0of the recommendations receive a good evalua-
tion from the users (relevance is greater than or equal tv®yeover, almos50% of the
recommendations (relevances with values 3 or 4) improvimttial query. For this method,
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| Query | taxonomy node | distance]
Romane ratings travels tourism 0,99
interactive museum Mirador| education 0,988
yoga health 0,978
work environment complaintsgovernment 0,974
Patricio Del Canto arts + museums and culturgl 0,973
centers
Sinergia arts + music + bands artists| 0,973
Francisco Moya arts + galleries 0,969
Metalcon foundation blocks | economy and businesses + in-0,967
dustries + forests
jewelry lessons arts 0,963
signs publication arts + graphic arts 0,952
rolls of grass home + gardening 0,948
clothing projects econony and businesses |+0,947
textiles + clothes
southern road tourism travels 0,942
financial concepts economy and businesses + [fi- 0,92
nances
law 14,908 society + family 0,917
Metal furniture home 0,895
shows arts and entertainment + au- 0,877
diovisual production
X region companies economy and businesses 0,871
educational evaluation issueseducation 0,87
houses for sale in Iquique | regions + geographic zones| 0,868
companies in Chile guides directories 0,855
transpersonal psychology | health + psychology 0,85
hosting guides directories + portals | 0,822
furniture sales home 0,818
Antofagasta Clinic health + clinics and hospitals 0,815
satellite telephony economy and businesses|+0,815
telecommunications
PSU results education + university sele¢- 0,814
tion test
Chilean music history arts + music + midi 0,796
properties economy and businesses + ¢s-0,761
tate agencies market
sanitary engineering economy and businesses|+0,756
environment

Table 6.1: Queries selected for the evaluation of the metifoguery classification in
directories sorted by distance.
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the majority class is associated to the value 3. Figure 6sBdvs that expert opinions are
less expressive compared with the results obtained by #rarchical classifier. Onl§0%

of the recommendations (relevances with values 3 and 4)ovethe initial query. For this
method, the majority class corresponds to the value 2.

A third experiment consisted of evaluating the quality af #tnswer lists retrieved by
the search engine ranking method, the method based on tizedhieal classifier, and the
method based on the flat classifier. In order to do this, we bawsidered the first 10
documents recommended by the search engine for each one 80 ttjueries, the first ten
documents recommended by the web directory when the cloagsgory is determined
using the flat classifier, and the first 10 documents recometehg the web directory
when the query is classified using the hierarchical methode document quality has
been evaluated by a group of experts using the same relecate®a as in the previous
experiment (0-4, from lower to higher relevance). The sieci for every ranking and every
guery is obtained, according to the position. Finally, therage precision is calculated over
the total of documents recommended by position. Resultsheren in Figure 6.3.

In figure 6.3 we can observe that all the evaluated methodgaré quality rankings,
especially for the first 5 recommended documents. The rea@ndation methods based
on hierarchical classification and flat classification perfon a better way for the first 5
positions than the TodoCL ranking. This means that the ifieaon in the taxonomy is
a good quality one, the same as shown in the previous expatrirf@wever, the ranking
loses precision compared to the one of TodoCL, if we congluetast 5 positions. This is
due to the fact that many of the evaluated queries are clgsifitaxonomy nodes where
less than 10 documents are recommended. In these casesti@ne is no recommenda-
tion, the associated precision equals 0, which severetyudiffies the methods based on
classifiers. Fortunately, none of the queries is classifienode with less than 5 recom-
mended documents. Therefore, a fair comparison of the rdstsioould be limited to the
first 5 positions where, as we have seen, the hierarchicdlodes favorably compared
with the original ranking and with the flat classifier. Due ke tfact that in general the
coverage of directories is low, i.e. there are few documertsmmended in each node of
the directory, itis necessary to design a maintenance rd@tharder to classify documents
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Figure 6.3: Average precision of the retrieved document$hife methods based on classi-
fiers and for the search engine ranking.

into nodes enriching their descriptions and improving theecage of the directory. Solv-
ing this problem we will state that the hierarchical methagbioves the precision of the
answer lists compared with the flat classifier and with thginal ranking.

6.1.4 Conclusion

We can conclude that our query classification method allesw® udentify concepts asso-
ciated to the queries. The taxonomy would permit us to speeithe query in order to
provide final accurate recommendations. The proposed metiso allows us to improve
the precision of the retrieved documents over the first Stjpos of the answer lists. Com-
pared with the search engine ranking method and comparédiveitmethod based on a flat
classifier, the hierarchical classifier method providesebeesults regarding the precision
of the answer lists.

One of the biggest constraints of the proposed method ligiseiriact that it depends
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strongly on the taxonomy quality. In the third experimeng @an notice that an impor-
tant proportion of the nodes contain an insufficient qugrtdftrecommended documents,
which prevents a favorable comparison to the TodoCL rankieypnd the first 5 recom-
mendations. Another constraint is that the taxonomy doéslm@ys allow us to identify
the need behind the query. Both constraints are relatectiath that since the directory is
manually maintained, it is limited in enlargement and fresds because of the frequency
of the editor’s evaluations and updates.

In the next section, we will present a method based on theogeip classification
schema which permits us to maintain automatically the threes, by adding new queries
and documents to each directory node.

6.2 The Web directory maintenance method

6.2.1 The method

Some Web directories are manually maintained by editotaifss while in other cases,
they are updated by networks of volunteer editors. The mamaintenance of a Web
directory is an extremely difficult and costly task due to thge amount of documents
and categories handled. As an example, the Open Directojggr [DMO], the largest

human-edited directory in the Web, comprises approximdiehillion Web pages, which

have been classified into 590.000 categories by 70.000redito addition, the dynamic
nature of the Web makes it difficult to manually maintain a Vd#ectory. As the Web

changes and evolves, periodically several sites becon@eaibswhile many new relevant
sites arise.

A Web directory should account for the quality and relevaotelocuments to the
categories of the directory. Therefore, ideally, humaricedishould not only add and
delete documents, but also change the ranks of documen@ppear at each node. This
task would require even more extra input and time for theoeslit Furthermore, human
editors may not necessarily represent the interest of camusers to whose requirements
the directory must be targeted at.

In this section, we explore the idea of processing the uskck data registered in the
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logs of a search engine for the automatic maintenance of adivebtory. The method
we present in this section uses the hierarchical classdicamethod and is based on the
vectorial representations of queries and categories gjivire previous section.

The maintenance method operates in the following stepst, ke classify query ses-
sions into categories using the method proposed in the qus\section. Considering a
categoryc, we compute queries that are related tmased on a measure we refer to as the
utility of the query to the category. Intuitively, this meas estimates the ability of any
arbitrary query to retrieve, in the first positions of its aes, documents that are relevant
to the category. We expect that false positives achieve lawes of utility. Using this
measure and a threshold value, it would be possible to igefatse positives eliminating
them from the node.

After the classification process, each category can be dewe set of query sessions,
which themselves have associated clicks made by users.Wéegtimate the relevance of
documents to the category based on these clicks. Docummentargked in each category
based on the estimated relevance.

We extract from the query sessions of a categaysample to estimate the relevance of
each document to c. We assume that in a query session the user vielivshe/he selects
a document in a lower position thal's position. If this is the case, the query session can
be accounted as an event for the sample. By standard statisticould estimate the true
success rate from the sample. The error in the estimatioandkspon the number of events
in the sample. We call it theupportof d for ¢. This support would help us to discard
documents that are considered by few users, even though fineisers have clicked the
document.

Consider a category, which has associated a €t of query-sessions. Given a query
sessiors, we denote bylast(s) the last position reached inby the user, i.e., the position
where the user skipped the search. We assume that thisgposdiresponds to the last
document clicked in the query session. We define the docusugmiort as follows: given
a document;, we estimate the number of query-sessions in which the dentimwas seen
by users according to:

S(u,c) = COUNT({s € N, |R(u,s) < last(s)}),
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whereR(u, s) is the position ofu in the answer list 0k. S(u, ¢) is called thesupport
of the document in the category. The supgit, c) is the number of query sessions in the
categoryc whereu appeared before the last seen document. The relevance ctiendat
d to a category: will be estimated as the success rate in the sample, whitie istandard
way of estimating the true success probabilityf a Bernoulli process.

In order to define relevance, we will count the number of d&las (successes) of the
document: in the query sessions of the categorgs follows:

C(u,c) = COUNT({s € N, | uwas clicked ins}).

Then we define the estimated relevance of a document. Thanele of a document
to the category is estimated as:

C(u,c)
S(u,c)

Given a category we rank each documentto ¢ according to the estimated relevance

relevance(u,c) =

relevance(u, c). However, we only consider in the ranking documemntsuch that the
supportS(u, ¢) is above a minimum threshoM nSupp.

Now we will explain how to obtain a ranking of recommendedrigsefor each cate-
gory of the directory. The idea is to order the queries adogrtb their ability to retrieve
documents which are relevant to the category. Moreover, am vo rank at first positions
queries that return more relevant documents at first positid their answers. In order to
do this, we propose a measure calleduhbty of the query to the category.

Given a category, we assume we have already computed the support and estimate
relevance of the documentsdoThe utility of a query is a measure of how useful the query
is in returning relevant documents to a given category.itinily, a more useful query will
return more relevant documents. However, we must carefiglyregate the relevances of
the documents in order to consider the positions at whicldtdoeiments are returned. A
qguery will have more utility if the most relevant documenggeaar in higher positions of
the ranking returned by the query.

We use a probabilistic approach to aggregate the relevafttes documents of a query.
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For a fix query and positionof its result rank, let/; € {1,0} be a binary random vari-
able which represents whether the user take into considernaosition: for a selection.
The probability distributions of the variablé$s should reflect the bias users have for con-
sidering the different positions of the ranking for seleod. We will use the same bias
estimation technique proposed in the previous chapter.

The utility of a query is defined as the expected relevancketflbcuments considered
by users in the query. For a URLand a category we define:

relevance(u,c) ifS(u,c) > MinSu
RS(u,c) = (u,c) ifS(u,c) PP
0 Otherwise.

Let us denote by(i) the document that the quegyeturns at position. We next define

the utility of a query to a category. Letbe a category andq be a query. We define the
utility of ¢ to ¢, as follows:

utility(q,c) = Z P(V; = 1) x RS(q(i), c).

6.2.2 Experimental Results

We present an experimental evaluation of the method, usanditectory and the logs from
TodoCL considering thé log file. We consider ten categories of the directory of TodoC
and the first ten results for each recommendation method. t&ih@odes were selected
by doing a random sampling over the categories with more 1@aquery sessions, which
corresponds to 212 out of 468 nodes. The list of documentsdoh category includes
document whose estimated relevance is greater or equa.tore original nodes along
with the results shown in this section are translated frorman&t to English. Selected
categories are shown in Table 6.2.

Here we show a graphic regarding the classification of quesgiens to categories.
In the experiments, we used query-sessions with at less thwcuments selected, which
yield 20,536 query sessions. Figure 6.4 shows the distoibwif the distances of the query
sessions to the categories to which they were classifiedquErey values represent the
number of query-sessions with the distance value to thesedst category indicated in
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| | Category |
(1) | business:finances:banks

(2) | society:law:norm:codes

(3) | business:building-industry:builder
(4) | business:environment:engineering
(5) | business:sales:gifts:flowers

(6) | society:history

(7) | leisure:sports:motorcycling

(8) | business:informatics:support
(9) | leisure:gastronomy:drinks:wine
(10) | business:foreign trade:customs duty

Uy

Table 6.2: Categories of the TodoCl directory selectedHerexperiments.

the abscissa. From this histogram, we can see that an impg@riaportion of the query-
sessions are not appropriated to use for category clasgific®ased on this fact, we use a
distance threshold between categories and query ses$i0ns @n this setting, only 3,656
guery sessions where classified into a category.

The precision of the listed documents at the categories en&ral quality of a Web
directory. Users of Web directories do not tolerate errang] their primary motivation to
browse the directory is to find documents of high relevanciéocategory. We carried
out a user evaluation to compare the retrieval precisioruofneethod with the precision
of the TodoCL directory. Documents in both the TodoCL dioegtand the directory auto-
matically computed by the method were mixed and their relegdo the categories they
belong to were judged by members of our laboratory. Our etalo method is similar
to the comparative precision technique of Chakrabarti et [@ha03]. We presented to
a group of 19 persons of different backgrounds the seleatsories and the document
list. We asked one question to the participants: Is the decwmrelevant to the category?
The answer could be expressed using relevance degreesgdrgm O - 4, from lower
to higher relevance. Subsequently, we calculated the geesdevance of every category
and document on every opinion expressed by the users. Thagavprecision for a given
position is calculated over the total number of categormesitlered in the experiment.

The average precisions obtained for the two directorieslaoen in figure 6.5. As the
graphic shows, both methods behave well regarding precigtor example, for the first
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Figure 6.4: Histogram of distances of query sessions to #ssigned categories.

seven positions, both methods have over tR@# precision. Intuitively, we expect that
human recommendations (in the TodoCL directory) are moeeipe than the automatic
recommendations but the graphic shows that our method rsshigtly better for the data
set studied. Our experiment shows that the proposed metlmdsamanual maintenance
without paying a cost in precision.

Table 6.3 shows the distribution of the set of documents theetwo taxonomies. Here
A (automatic) and? (human) represent the directory built by our method and tuTL
directory, respectively. As an example, among the 100 decusin the TodoCL directory
48 appear i4 directory, and only 5 of them where identified as non-reledacument in
the experiments. The table shows that editors help to ingattoe precision of the directory
built from the logs, and common users also help to improvetaixenomy built by the
editors. The table suggests that the two independent sbaf@vidence could be mixed to
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Figure 6.5: Average precision for the two methods over tpedo results.

| Set | Docs.| Relevant| Precision| Recall |

A 100 83 83% 71%
H 100 76 76% 65%
HNA| 48 43 93% 37%
H—-A| 52 33 63% 28%
A—-H | 52 40 77 % 34%

Table 6.3: Precision and Recall.

obtain a better directory.

Table 6.3 also shows the recall of the two directories overcthllection of documents
in the selected nodes. Among the 200 documents selectedeg@xperiments, 116 were
found to be relevant. Thus, the recall percentage of thetdsmn is over the 116 relevant
documents. Again, the new directory slightly improves tlemal. Notice that our method
allows us to identify relevant documents which have not beeluded in the original di-
rectory. For the 10 selected categories, we found 40 newamedelocuments that do not
appear in the TodoCL directory.

We also evaluated our query recommendation method. Forczdefory selected for
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the experiment, we evaluated the precision of the top-5 arswf each of the first 10
gueries recommended to the category. The precision wasatedl by members of our
laboratory.

Figure 6.6 shows the average precision obtained compatédhéa average precision
of the search engine, according to the evaluation providd®8YSJC02]. For example,
for the first five position, the average precision is o&@¥,. As the graphic shows, both
precision curves are similar. Therefore, for a given categpour method recommends

gueriesg so that the precision of the answers;db ¢ reaches the average precision of the
search engine.

Query Precision v/s top-10 results
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Figure 6.6: Average precision for the query recommendatiethod over the top ten re-
sults.

In table 6.4, we depict the first five queries recommended lwyhmethod to each of
the categories selected in the experiment. The first columws theid of the category
according to the enumeration of table 6.2. The second colsinows the topic related
to the category. The third column shows the queries recordetnQueries are ordered
according to their utility to the category. The utility ofetlguery is shown in the last col-
umn. Wrong recommendations are shown in cursive (six gsiexer the 50 recommended
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gueries).

As table 6.4 shows, some recommendations are very integesiVost queries rec-
ommended do not share common terms with the category degertpxt and each one
represents clearly defined information needs.

Frequency
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Figure 6.7: Histogram of estimated precision of documemthé manual directory.

As we have shown, our method allows us to find new relevantmeaots, which are
not originally in the directory. In this section, we evakeidhe ability of the method to
predict the preferences of the human editors that havetbeildirectory. Figure 6.7 shows
the estimated relevance of the documents that appear inoth@CL directory for the ten
categories selected.

The histogram shows that the vast majority of the documetsmmended by editors
have a high estimated relevance. Fof. of the documents, their estimated relevance is
greater thar.9.
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| ID ] Topic | Queries Recommended| Utility |
(1) banks banks 1.26
banking 1.16
image banks 1.13
photo banks 0.33
financier 0.29
(2) law codes labor code 2.83
bar code 2.33
code of civil procedure | 2.09
code of judicial conduct | 2.07
code of penal procedure| 2.05
3) builders houses 10.97
prefabricated houses | 10.09
wooden houses 6.99
home building 4
builders 3.99
(4) | environmentall environmental engineering 1.75
environmental impact 1.08
resolution 0.66)
environmental defense | 0.59
environmental campaigns 0.55
(5) | qifts flowers teddy bears 4.38
flower stores 4.12
cakes 2.96
roses 2.73
flowers 2.21
(6) history local history 2.66
history of Chile 2.24
naval battle of Iquique 1.86
the independence of Chile 1.68
Chilean folklore 0.93
(7) | motorcycling spare parts 2.33
motorcycling 1.93
motorcycle racers 1.13
professional riders 1.21
motorcycle racing 1.04
(8) informatics used notebooks 5.59
support housing 3.98
monitors 3.09
hardware 0.75
hosting 0.66
(9) wine wine 1.84
wine train 1.25
wine grapes 1.23
wine tasting 1.15
wine glasses 0.87
(10) | customs duty customs duty 3.56
Iquique 1.4
Zofri 1.33
duty free areas 1.12
Iquique’s duty free zone | 1.04

Table 6.4: Top-5 queries recommended for each category.

110
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6.3 Conclusion

The classification method proposed in this chapter allowsdéantification of well defined
concepts for each query classified. The maintenance metiopoged allows the Web di-
rectory to be automatically maintained without losing & and recall. By considering
the logs in the maintenance process we take into accoumtaton based on user’s click
data. The preferences are bound to query sessions, andelraaywbtain preferences sen-
sible to topics users are looking for. The importance andityuz a Web page is reflected
by the preferences registered in the Web log. This allowoudstd many new relevant
documents not considered in the directory built by humatoesli



Chapter 7
Conclusions

In this chapter we present concluding remarks about theadstand the experimental re-
sults introduced in this thesis. We will also discuss reityasoperties of the user preference
data. Finally we will enumerate open problems and futurekwor

7.1 Concluding Remarks

A first question of interest after exploring different reaoendation methods based on
user’s click data along this thesis, is the following: whavé we learned? The objective
of this question lies in the identification of the new knowdedacquired, derived from this
thesis. The answer to this question will allow us to identtifg contributions of this thesis.
This answer will basically be the final objective of this ctap

First, we will summarize what we have learned in the Chagteutdata analysis. As
we can observe in the thesis objectives, its goal is to ifletite interesting data properties
that would later allow us to design recommendation techesqf queries and documents
based on the user’s click data, which are favorably compardéuk traditional recommen-
dation methods. These properties, of course, would als@massible to improve them.
The experiment shows mainly the following:

1. The frequency of the user queries follows a Zipf distiifut This means that few
gueries are very popular, that is to say, they are submitegfiéntly. On the other

112
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hand, most of the queries are submitted very few times. Asnaempuence of the
above mentioned fact, most of the queries have few assdajatery sessions. This
has a direct consequence on the methods we propose whictereautiple sessions.

2. User’s clicks are biased to the ranking. The distributibime user’s clicks depending
on the location of the documents in the TodoCL ranking, shaxgf distribution.
This means that most of the user’s clicks are preformed ordtieeiments shown
in the first positions of the ranking. On the other hand, very locuments which
appear in non-favorable positions in the ranking registefggences. This is, the
users check few documents in their sessions, and thosehthatheck are among
the first recommended ones. Then, the recommendation neetsfogueries and
documents based on user’s click data must approach thespnaijlreduction of bias
inherent to the user’s click data generation.

3. Asignificant proportion of the users reformulate theitiahquery several times be-
fore selecting a document. This means that the queries dalwats represent the
user’s needs. That is to say, few words are frequently useédreay appear in most
of the documents. Due to this fact, its descriptive capasitpwer. Consequently,
the term-based methods elaborate deficient and inacce@eimendations. Every
search engine must allow the user to reformulate his/hetycgiggesting more ac-
curate terms which finally permit us to represent exactlynteaning of the query.
This suggests modeling query refomulation and last clid@mliment.

4. A large part of the users submit queries and then do nottsete/ of the recom-
mended documents. This means that the satisfaction defjtee nser concerning
the answer lists provided by the traditional methods is IBvwery search engine must
then improve the precision of the provided answer lists.

Regarding what we have learned in the chapter of user’s diatlk analysis, each of
the techniques was focused on improving some of the aspestemied. Result 1 (the
frequency of the queries follows a Zipf distribution) wasessed in the chapter about query
clustering and in the one about query classification, bygisigommendation techniques
based on identification of similar query clustering. Re8ufthe preferences are biased to
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the ranking) was explained in the chapter about query ainsteintroducing a method of
bias reduction. Result 3, (a significant proportion of thersgeformulate his/her initial
guery several times before selecting a document) was agipedain the chapter about
guery association and also, to some extent, in the othetetsaphose final objective was
to improve the precision of the answer lists. Result 4 (anortgnt proportion of the users
submit queries and then do not select any of the recommerm®=dreents) was explained
on the whole in the 3 approaches by proposing methods whgsetivk is to identify the
need behind the query and to improve the quality of the pexyahswer lists.

As a conclusion, and with the purpose of synthesizing theritartions of this thesis,
we can list the following:

1. The query recommendation techniques presented in thssstiallow us to identify
the user needs in most of the cases studied in the experirdenang them, the
term-based method shows very good performance when thal igitery must be
specialized and also when the terms of the original querse®ie their meaning.
These terms are also expected not to be polysemic, in or@ewotd the interruption
of noise in the recommendations. The co-citation basechtquk is very accurate
for queries with several associated sessions, that is riipeus to disambiguate
frequent queries, since these are the ones that have a fargdyer of associated
preferences. Also by using this data the method performsoetter way. The rec-
ommendation techniques are complementary, since they aodkifferent types of
gueries (they are frequent in the case of co-citation andrate in the case of the
method based on the terms).

2. The query clustering techniques based on the terms ofnalexeis or snippets allow
us to make relevant recommendation of queries and/or datismeven for those
with few sessions. Therefore, most of the recommended egiare relevant to the
users and allow them to satisfy the need behind them. Alsorahking technique
based on query clusters is favorably compared with thermlganking of the search
engine. Finally, the bias reduction method allows the psegorecommendation
techniques to identify documents in the last positions efdhginal ranking, reduc-
ing effectively, in most cases, the bias inherent to the’siskck data. In conclusion,



CHAPTER 7. CONCLUSIONS 115

the experiments show that the clusters successfully reptréise well-defined needs
of the users, and therefore, their application in the elatian of documents and/or
guery recommendations make it possible to improve the gicecof the answer lists,
compared to the techniques based only on terms or hyperlinks

3. The query classification techniques allow us to identéyeral concepts behind the
queries. The proposed classification technique is ap@@pand in the presence
of a quality taxonomy, it also allows the user to refine histingery. The directory
maintenance technique allows us to associate relevantkras to each taxonomy
node and they also permit us to identify related queriesy Hne suitable for users
who need to better define their queries more specificallyaotéck short but highly
accurate lists of documents.

4. The recommendation techniques of queries and documasesllon user’s click data
are favorably compared to methods based on other data spafimeving us to elab-
orate accurate recommendations. The descriptive expetémas well as the ones
based on the experts’ opinions, make it possible to estatiist the data source is
useful and that the recommendation methods based on uBek'slata are able to
identify documents and queries semantically related tartitial query, even when
they do not share terms or they are non-frequent queries.

Now we can focus on the nature of the data. Regarding thelasskiof the data source
we can state the following:

1. The user’s click data allows us to elaborate recommenasbf queries and/or doc-
uments, which have been favorably evaluated by the users.

2. The methods of query reformulation, as well as the queungteting and the
directory-based one have been able to show that the apate@pplication of the
user’s click data, allows us to elaborate quality recomraénds.

Therefore, we can state that regardless of the used recodati@m method; the user’s
click data is useful in the elaboration of recommendatidtw, | will consider the docu-
ment recommendation technique based on query clusterfiognmlate some conclusions.
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If we consider that the proposed ranking is proportionahi popularity, then it is pos-
sible to conclude that the relevance of the recommendedndects is proportional to the
popularity variant. It is worth observing that we are coesidg the popularity adjusted
according to the bias reduction method. The previous ceraius not valid if we consider
the popularity biased to the ranking. We can state thentligatiser’s clicks data is useful
for the elaboration of rankings of documents relevant ferukers.

At this point, it is relevant to state that we used selectiand reading time as mea-
sures of user interests because these behaviors are etisdyad from the query log data,
without the cooperation of users. We used these behaviswdalsed on the literature. For
example, Kelly and Teevan [KT03] show that these behavioosvanteresting properties
as measures of implicit feedback and are highly correlatéidl wger interests. Thus, they
can be used as implicit feedback measures. For example,suenasthat the number of
selections is useful to measure the relevance of a docuriiémialso used selections and
reading times in distance functions introduced in chagiteesand six, in order to represent
gueries and query sessions. Our experiments show enoutgmee of the success of these
decisions, even though as a future work we could explorer atber behaviors in order to
measure feedback, such as scrolling.

Regarding another relevant property called heteroger#ityt is to say the property of
the user’s click data related to the capacity for distingung different meanings associ-
ated to the queries submitted by the users— we can statellbwif@: we have said that
the data is heterogeneous if it has enough information walldws us to disambiguate
the polysemic queries. Although, the experiments showtti@space of query terms is
sparse, it has been possible to generate query reformulstiioctures which have been
well-evaluated by the users. By applying the proposed quefigrmulation techniques.
We have been able to point out that the use of document terestae in the sessions of
these queries has been useful to map them out in a less spacss where it is effectively
possible to disambiguate them with few associated sessféasave also pointed out that
this has been possible due to the fact that the proposed deithentify semantic relations
among the queries, by using co-citation or structures akasalirectories. Therefore, we
can state then, that the user’s preferences data is hetemggenough to be able to elabo-
rate query recommendations or to provide query reformaadiructures even for queries
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with little history, allowing in most cases to identify betiqueries.

7.2 Future work

As a follow up, we will include in this section the problemsasiated with the efficient
implementation of the recommendation methods presentdddgrihesis. There are many
interesting problems in connection with the efficient inmpéntation of the proposed rec-
ommendation methods. All these problems have to do withltf@ithmic aspect inherent
to the implementation of the methods proposed in this thegigch opens a new field of
research regarding the development of efficient technoldggh allows us to support the
recommendation methods presented here.

It is also possible to improve the proposed recommendatiethoals or to explore some
of their characteristics to reinforce the search processekample, the descriptive terms
obtained from the process of query clustering can be usedka mn expansion. It is also
necessary to explore the design of new recommendation chethloich are able to provide
guality recommendations to queries which are not regidter¢he logs. Finally, a prob-
lem associated with the searches supported by directéednl the design of taxonomy
construction methods. By applying the user’s click datahwuld be possible to identify
specialization/generalization concepts and relationsranthem, which should provide us
with the definition of a concept taxonomy. This is one of th@de on which | am diligently
working on at the moment.

As an open problem, we pose the necessity of approachingesigrdof a new gen-
eration of high-precision search engines. A new generatiolleb search engines would
be able to identify the need behind the query answering gpiattely according to the tax-
onomy of possible searches defined by Broder [Bro02]. Inrome@chieve this goal, it
is necessary not only to develop new recommendation metlagddhe ones proposed in
this thesis, but also to develop a new search paradigm. $m#hw paradigm, the search
process must be considered as a dynamic process, whereetheeesls can be modified in
the process itself, based on its feedback by the user. Ondonsydress this challenge is
to add semantic elements to search systems. There exis&rategies to do this. First,
it is possible to enrich the document description adding#ations that can be written in
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RDF in order to provide semantics interpretable for a comput/nfortunately, common
users are reluctant to add annotations to their pages edawesjuires additional efforts
and the benefits are not evident to them. The second stratégektract the content from
web pages using automatic methods. Using information afpetific topics organized
into ontologies, it is possible to identify concepts behiueries. Some works show that
by using this approach, it is possible to identify the conhtafxkeywords during typical
searches [WBNBYO04]. However, due to the lack of a big ontg]dlge method is limited
in its results and conclusions. Of course, with the existerf@ big and dynamic ontology
these kinds ofemantic search enginesuld be successful in the future.

As we can see, there are more open problems than answerdinggidue future of web
search engines. We know that the technology of the new seaigimes will be able to
enlighten the search process, making the search flexibleaidf rigid. This thesis has
been intended to be a contribution in this sense.
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