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Abstract

XML is being adopted as a common storage format in scienti�c data repositories, digital

libraries, and on the World Wide Web. Accordingly, there is a need for content-oriented

XML retrieval systems that can e�ciently and e�ectively sto re, search and retrieve infor-

mation from XML document collections. Unlike traditional i nformation retrieval systems

where whole documents are usually indexed and retrieved as information units, XML re-

trieval systems typically index and retrieve document components of varying granularity. To

evaluate the e�ectiveness of such systems, test collections | where relevance assessments are

provided according to an XML-speci�c de�nition of relevance | are necessary. Such test

collections have been built during four rounds of the INitiative for the Evaluation of XML

Retrieval (INEX).

There are many di�erent approaches to XML retrieval; most approaches either extend

full-text information retrieval systems to handle XML retri eval, or use database technologies

that incorporate existing XML standards to handle both XML p resentation and retrieval. We

present ahybrid approachto XML retrieval that combines text information retrieval f eatures

with XML-speci�c features found in a native XML database. Results from our experiments

on the INEX 2003 and 2004 test collections demonstrate the usefulness of applying our hybrid

approach to di�erent XML retrieval tasks.

A realistic de�nition of relevanceis necessary for meaningful comparison of alternative

XML retrieval approaches. The three relevance de�nitions used by INEX since 2002 comprise

two relevance dimensions, each based on topical relevance.We perform an extensive analysis

of the two INEX 2004 and 2005 relevance de�nitions, and show that assessors and users �nd

them di�cult to understand. We propose a new de�nition of rel evance for XML retrieval,

and demonstrate that a relevance scale based on this de�nition is useful for XML retrieval

experiments.



2

Finding the appropriate approach to evaluate XML retrieval e�ectiveness is the subject

of ongoing debate within the XML information retrieval research community. We present an

overview of the evaluation methodologies implemented in the current INEX metrics, which

reveals that the metrics follow di�erent assumptions and measure di�erent XML retrieval

behaviours. We propose a newevaluation metric for XML retrieval and conduct an extensive

analysis of the retrieval performance of simulated runs to show what is measured. We compare

the evaluation behaviour obtained with the new metric to the behaviours obtained with two

of the o�cial INEX 2005 metrics, and demonstrate that the new metric can be used to

reliably evaluate XML retrieval e�ectiveness.

To analyse the e�ectiveness of XML retrieval in di�erent application scenarios, we use

evaluation measures in our new metric to investigate the behaviour of XML retrieval ap-

proaches under the following two scenarios: the ad-hoc retrieval scenario, exploring the

activities carried out as part of the INEX 2005 Ad-hoc track; and the multimedia retrieval

scenario, exploring the activities carried out as part of the INEX 2005 Multimedia track. For

both application scenarios we show that, although di�erent values for retrieval parameters

are needed to achieve the optimal performance, the desired textual or multimedia information

can be e�ectively located using a combination of XML retrieval approaches.



Chapter 1

Introduction

The last decade has seen an abundance ofsemi-structured data become available on the

World Wide Web (WWW) and elsewhere. The information represented by this type of data

has a de�nite structure | since it is not only a 
at-text inform ation | yet it is in a form that

does not closely �t the structured database relational model. The eXtensible Markup Lan-

guage (XML) [Bray et al., 2004], o�cially recommended by the World Wide Web Consortium

(W3C) in 1998, provides a means of including a customised description of the information

represented by this semi-structured data. XML can be used to transparently support design

of markup languages for exchange of data in the web-based electronic commerce environ-

ments, and for description of the logical structure of various kinds of documents. However,

the widespread adoption of XML as a common storage format in scienti�c data repositories,

digital libraries, and on the WWW, has raised some challenging issues, such as data man-

agement and information retrieval from large and heterogeneous XML document collections.

Accordingly, there is a need for systems that can e�ciently and e�ectively store, access and

retrieve XML content.

Compared to traditional information retrieval, where whol e documents are usually in-

dexed and retrieved as single complete units, information retrieval from XML documents

creates additional retrieval challenges. By exploiting the logical document structure, XML

allows for more focussed retrieval by identifyingelementsrather than documents as answers

to user queries. This is especially true for long documents and documents that have context-

rich structures. However, due to the intrinsic hierarchical nature of XML, an XML retrieval

system needs not only to �nd the most speci�c elements that at the same timeexhaustively

cover a user information need [Chiaramella et al., 1996; Kazai et al., 2003], but it also needs
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to determine the appropriate level of answer granularity to return to the user. The overlap

problem of having multiple nested elements, each containing identical textual or multimedia

information, is also shown to have a huge impact on both XML evaluation and retrieval [Kazai

et al., 2004a; Clarke, 2005]. To evaluate the e�ectiveness of XML retrieval systems, an XML-

speci�c de�nition of relevance is necessary, which should be capable of meeting conditions

with respect to both the content and the structural informat ion stored in XML documents.

There is an abundance ofmetrics that evaluate the retrieval e�ectiveness of XML retrieval

systems. However, these metrics are based on di�erent relevance assumptions, incorporate

di�erent hypotheses of the expected user behaviour, and implement proprietary evaluation

methodologies to handle the overlap problem. This results in di�erent XML retrieval be-

haviours being measured by di�erent metrics [Trotman, 2005].

In this thesis we address several fundamental questions surrounding the �eld of XML

information retrieval. In particular, we focus on how infor mation retrieval and database

approaches could be combined for e�ective XML retrieval; how relevance should be de�ned

in XML retrieval; how the e�ectiveness of XML retrieval syst ems should be evaluated; and

how information retrieval from XML document collections can be used in di�erent application

scenarios. We also argue that XML retrieval is 
exible enough to be adapted to particular

retrieval tasks or user models, which makes it an important technology for current and future

interactive search systems.

1.1 Basic XML retrieval concepts

Depending on the information represented by the contained data, at least two categories of

XML documents can be distinguished: data-centric, which contain highly structured data

such as that representing the contents of an order, an invoice, or a product catalog; and

document-centric, which contain loosely structured text as in scienti�c arti cles or books. In

this thesis, we focus on document-centric XML documents. Figure 1.1 shows an example of

a very small XML document collection that contains just two X ML documents that belong

to the document-centric category. This collection is a toy collection used to illustrate the

basic XML retrieval concepts discussed in this section. Thenames of XML elements are

as follows: article , which represents the XML document element;abs, representing the

document abstract; sec and p, representing section and paragraph elements;atl and stl ,

representing document and section titles; andit , which is used to emphasise the appearance

of important terms within the document.
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<?xml version="1.0"?>

<!DOCTYPE article SYSTEM "jedi.dtd">

<article id="d1">

<atl>The JEDI religion: reality or hype?</atl>

<abs>The ancient Jedi religion and the Force.</abs>

<sec>This is the section about the <it>Force</it>

<stl>The Force</stl>

<p>The Force is all around us.</p>

<p>The Jedi feels the Force flowing through.</p>

</sec>

<sec>And this is the section about <it>Jedi</it>

<stl>The Jedi</stl>

<p>Jedi are brave knights. Jedi are guardians of peace.</p>

</sec>

</article>

(a) jedi1.xml

<?xml version="1.0"?>

<!DOCTYPE article SYSTEM "jedi.dtd">

<article id="d2">

<atl>JEDI knights</atl>

<abs>Most famous Jedi knights</abs>

<sec>

<stl>Yoda</stl>

<p>Yoda is a Jedi Master. The Force is very strong with him.</ p>

</sec>

<sec>

<stl>Darth Vader</stl>

<p>There is a disturbance in the Force.</p>

</sec>

</article>

(b) jedi2.xml

Figure 1.1: A very small XML document collection containing just two XML documents.



6 CHAPTER 1. INTRODUCTION

<!ELEMENT article (atl, abs?, sec+)>

<!ATTLIST article id CDATA #REQUIRED>

<!ELEMENT atl (#PCDATA)>

<!ELEMENT abs (#PCDATA)>

<!ELEMENT sec (#PCDATA|it|stl|p)*>

<!ELEMENT stl (#PCDATA)>

<!ELEMENT p (#PCDATA)>

<!ELEMENT it (#PCDATA)>

Figure 1.2: A Document Type De�nition used to validate the two XML documents shown in

Figure 1.1.

To �t a speci�c application requirement, XML uses a meta-gram mar | usually either

a Document Type De�nition (DTD) or an XML Schema [Fallside an d Walmsley, 2006] |

that can specify a certain class which a document belongs to, describing elements that can

appear in documents, the order in which they appear, the number, type and value of their

attributes, and other aspects of the document class. An XML document is said to bevalid

if it conforms to a DTD. The XML Schema, unlike the DTD, uses XM L syntax to describe

the document class and overcomes some syntactic, structural and semantic limitations of

the DTD. For most application requirements, however, the constraints enforced in the DTD

are su�cient. Figure 1.2 shows a DTD example that can be used to validate the two XML

documents shown in Figure 1.1.

There are manyheterogeneousXML document collections, where the document structure

in a collection strictly conforms to the rules speci�ed in a single DTD. Although di�erent

elements residing in di�erent XML document collections may have di�erent names, these

elements can still be contextually similar in that they may share the same semantics. Ac-

cordingly, two types of query requests are used to retrieve information from XML document

collections: Content Only (CO) requests, and Content And Structure (CAS) requests. A

CO request ignores the document structure and is often represented by query languages

that specify plain query terms, optionally including phrases or logical query operators. The

returned answers represent elements of varying granularity, estimated asrelevant to the in-

formation need expressed by the request. A CAS request contains references to the document

structure and explicitly speci�es the type of the returned answer elements (the target ele-
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ments) and the type of the contained elements of the search context (the support elements).

Di�erent query languages can be used to represent CAS requests. These query languages

typically support XPath [Berglund et al., 2005] document navigation capabilities to express

the structural conditions.

Consider the following information need:

Find documents or document components, most probably sections, discussing the

relationship between the Jedi and the Force.

A CO request that could be used to express the above information need would be as

follows: Jedi Force . When dealing with CO requests, it would be left to the XML ret rieval

system to determine the appropriate answer granularity andthe extent to which the element

answers will be estimated as useful to the information need.

XQuery [Boag et al., 2006], the current W3C candidate recommendation for a standard

XML query language, takes advantage of the content and the structural information contained

in XML documents and supports both the data-centric and the document-centric aspects of

XML. With XQuery, the above information need can be expressed as follows.

for $d in document("jedi1.xml")//article

let $e := $d//sec[contains(., 'Jedi Force')]

where exists($e)

return { $e }

XQuery has a su�ciently expressive power to represent various CAS requests. However,

if no full-text search extensions are used, XQuery follows astrict satisfaction of content and

structural query conditions. Although this is in line with d atabase-oriented query languages

(such as SQL), it however does not allow for a sense ofvaguenessto be introduced in the

retrieval task. The above query, for example, will not return any results when searching the

�rst XML document shown in Figure 1.1, mainly due to the stric t string comparison rules

implemented in the XPath contains() function. Moreover, the expressive power of XQuery

makes it hard to use.

Recently, the W3C has acknowledged the need for incorporating full-text search capabil-

ities into XQuery and XPath [Amer-Yahia and Case, 2006; Buxton and Rys, 2003]. The pro-

posals de�ne full-text search as an extension to the XQuery/XPath language that \provides

a way to query text which has been tokenized" [Buxton and Rys,2003]. The requirements
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therefore include: word and phrase search, support for stopwords and stemming, proximity

search, boolean operators, word normalization, diacritics, and ranking.

The XML information retrieval community follows the docume nt-centric aspect of XML,

and is interested in providing answers to the user queries that are ranked by decreasing es-

timated likelihood of satisfying the user information need. The most commonly used test

collections for modern information retrieval are provided by the annual Text REtrieval Con-

ferences (TREC) [Voorhees and Harman, 2005]. Similarly, most of the research activities

surrounding the �eld of XML information retrieval have been carried out as part of INEX,

the IN itiative for the Evaluation of XML Retrieval. 1

1.2 INEX

INEX started in 2002 as an international e�ort to promote eva luation procedures for content-

oriented XML retrieval. The test collection used by INEX consists of three parts: an XML

document collection, a set of user requests (referred to as INEX topics) required to search

for information stored in this collection, and a set of relevance assessments that correspond

to these topics.

The XML document collection used by INEX until 2006 comprised IEEE Computer So-

ciety research publications, converted in XML format. However, two di�erent collection

sizes were used during these four years. More speci�cally, acollection comprising 12 107

IEEE Computer Society articles, published in the period between 1997-2002 with approx-

imately 500MB of data, was used in 2002, 2003, and 2004 [Maliket al., 2005]; while an

expanded collection comprising 16 819 IEEE Computer Society articles, published in the pe-

riod between 1997-2004 with approximately 735MB of data, wasused in 2005 [Malik et al.,

2006a]. An XML document in this collection consists of front-matter (containing title, names

of authors, and abstract), body (containing the document text enclosed in sections, subsec-

tions, or paragraphs), and back-matter (containing bibliography and author information).

Primarily due to its large volume of data and its verbosity, W ikipedia,2 the free online

encyclopedia, represents an attractive document collection for XML retrieval. Indeed, a

recent study has shown that not only could a focussed access to Wikipedia be useful, but

that this document collection could also be successfully used as a test collection for XML

retrieval experiments [Sigurbj•ornsson et al., 2006]. Moreover, a recent announcement in

1http://inex.is.informatik.uni-duisburg.de/
2www.wikipedia.org
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the Yahoo! search blog3 suggests that Wikipedia element retrieval could be embraced as

a commercial application by the major web search engines. Accordingly, instead of the

IEEE XML document collection, which has been used in di�erent sizes in INEX since 2002,

from 2006 the Wikipedia document collection will be used as part of the o�cial INEX test

collection [Denoyer and Gallinari, 2006].

Two types of retrieval topics, CO and CAS, are explored in INEX, which re
ect the two

types of query requests used to retrieve information from XML document collections. From

2004, the Narrowed Extended XPath I (NEXI) query language has been used in INEX to

express the CO and CAS requests [Trotman and Sigurbj•ornsson, 2005]. For the CAS re-

quests, NEXI was designed to look like, but not quite to behave like, XPath. Some aspects

of XPath were severely limited | by dropping many functions a nd by allowing only the

descendant operator to be used | while new features, such as the about() function, were

additionally introduced in the NEXI language. The most important distinction between the

two languages, however, is the way structural constraints in a CAS topic are interpreted.

With XPath (and other derivatives, such as XQuery) only stri ct interpretation is considered;

with NEXI, in addition to the strict interpretation, a vague structural interpretation is also

considered, allowing an XML retrieval system to deduce the semantics from the CAS request.

The second interpretation and the inclusion of the about() function are the two main as-

pects that make the NEXI query language very attractive for the XML information retrieval

community.4

An INEX topic consists of the following �elds: title or castitle (or both), description ,

and narrative . The NEXI query language is used to express the information need in both

title and castitle , where depending on the user request (CAS or CO), referencesto the

XML document structure may be either included (castitle ) or not ( title ). The INEX 2005

Content Only and Structure (CO+S) topics allowed for struct ural hints to be additionally

included to the plain-term CO requests. Figure 1.3 shows INEX2005 CO+S topic 203, where

the two topic �elds | title and castitle | are used to represent the two query interpre-

tations. The rationale behind using the CO+S topics is that, in addition to specifying CO

requests, users should also be allowed to add structural hints to their requests with a hope

that this would result in more precise answers. The usage of CAS topics, on the other hand,

is mainly motivated by the need to support more advanced queries that heavily utilise the

3 \Going deeper into Wikipedia". Available at: http://www.ysearchblog.c om/archives/000255.html
4Recently, an alternative query language coined XOR has also been proposed within INEX [Geva et al.,

2006]. Its main goal is to support advanced IR features and natural language queries.
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<inex_topic topic_id="203" query_type="CO+S" ct_no="5" >

<title> code signing verification </title>

<castitle> //sec[about(., code signing verification)] </ castitle>

<description> Find documents or document components, most probably sections,

that describe the approach of code signing and verification .

</description>

<narrative> I am working in a company that authenticates a wi de range of web

database applications from different software vendors.

My work mainly focuses on the following two activities: chec king whether the

code that originates from a software vendor is authentic and properly signed,

and checking whether the code has been tampered with since it was signed.

I am looking for documents or document components that descr ibe the approach

of code signing and verification. To be relevant, a document or a document

component must describe the whole process of code signing an d verification,

which means ensuring that programs and program components have been created

by trusted entities (by validating both the digital signatu re and the

corresponding certificate), and that the programs have bee n received without

tampering (by checking the main integrity of the program). D escription of

implementations of various approaches to code signing

(such as Microsoft's Autheticode and Sun's JAR signing) are also relevant.

A document or document component that only describe CRC-typ e integrity check

of received programs will be considered only marginally rel evant.

Relevant information about this topic can probably be found within the section

components of the documents in the collection.

</narrative>

</inex_topic>

Figure 1.3: INEX 2005 CO+S topic 203.
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(presumably known) document structure, so that both the target and the support elements

can be explicitly speci�ed [Lalmas and Kazai, 2006].

With NEXI, the information need described in the previous section can be expressed as:

//article//sec[about(., Jedi Force)]

Even with the strict interpretation of the target element ( sec) in the above NEXI query,

the rules implemented in the about() function ensure that elements containing any com-

bination of the two query terms will be returned as answers. It would then be left to the

XML retrieval system to determine the extent to which these sec element answers will be

estimated asrelevant to the underlying information need.

With the vague query interpretation in NEXI, the structural constraints in the query

are only considered to be hints as to where to look for relevant answers, rather than being

considered as strict speci�cations. This, in a sense, allows the query request to be treated as

a CO request, in which case it would again be left to the XML retrieval system to decide on

both the answer granularity and the extent to which the element answers are relevant. For

example, consider the �ne-grained document structure shownin Figure 1.1. The semantic

meaning of the element with the nameit is to emphasise the appearance of a particular

term in the document. For the query term Force, an XML retrieval system could retrieve

the /article[1]/sec[1]/it[1] element found in the �rst XML document as an element

answer, but it could also retrieve the two containing elements, /article[1]/sec[1] and

/article[1] , as additional element answers. Several questions are raised as a result: Which

of the three elements would be apreferable answerin satisfying the information need? Which

retrieval methods should be used to determine the extent to which the three elements are

relevant? More importantly, what is it that makes the three elements to be relevant in

the �rst place? Finally, how should we evaluate and reliably compare the XML retrieval

e�ectiveness observed for di�erent systems?

These questions are all part of the current challenges that face the �eld of XML informa-

tion retrieval.

1.3 Challenges in XML retrieval

In this thesis, we focus on the following challenges: combining information retrieval and data-

base approaches for e�ective XML retrieval; de�ning relevance in XML retrieval; evaluating

the e�ectiveness of XML retrieval; and using XML retrieval i n di�erent application scenarios.
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1.3.1 How can information retrieval and database techniques be combined for

e�ective XML retrieval?

Until recently, the need for accessing the XML content has been addressed di�erently by

the database (DB) and the information retrieval (IR) research communities. The DB com-

munity has focussed on developing query languages and e�cient evaluation algorithms used

primarily for data-centric XML documents. On the other hand, the IR community has fo-

cussed on document-centric XML documents by developing and evaluating techniques for

ranked element retrieval. Recent research trends show thateach community is willing to

adopt the well-established techniques developed by the other to e�ectively retrieve XML

content [Amer-Yahia and Lalmas, 2006].

Most full-text IR systems do not utilise information about th e document structure.

Queries sent to such systems mainly represent a bag of words,and �nal answers are usually

presented by descending likelihood of relevance to the information need expressed by the

query. However, in most existing IR system implementations, the primary unit of retrieval

is a whole document, and retrieval of more speci�c document elements is not supported.

A native XML database provides strong support for storing and querying XML docu-

ments, and retrieves elements that strictly match the logical query conditions. However,

these answer elements are (usually) not ranked according totheir likelihood of relevance.

Information about the XML documents is incorporated in vari ous index structures, allowing

users to query both by document content and by document structure. Accordingly, elements

that belong to particular documents can easily be identi�ed, either by the order that they

appear in the document or by certain query terms that they contain. Most native XML

databases support XQuery | the standard XML query language, while there are some that

additionally support the XQuery and XPath full-text search e xtensions. The TeXQuery lan-

guage [Amer-Yahia et al., 2004] and the TIX bulk-algebra [Al-Khalifa et al., 2003] represent

initiatives that integrate IR techniques into a standard na tive XML database query evalua-

tion engine, thus attempting to bridge the gap between the IRand the strict DB approaches

to XML retrieval.

To utilise the best features from IR and native DB approachesto XML retrieval, we

propose ahybrid XML retrieval approach. With the hybrid approach, we explore a range

of methods that dynamically identify the appropriate level of answer granularity and rank

the �nal answers. We present results of our experiments on the INEX 2003 and 2004 test

collections, and demonstrate that our hybrid approach yields e�ective XML retrieval.
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1.3.2 What does user and assessor experience suggest about how relevance

should be de�ned in XML retrieval?

Relevanceis a key concept in the �elds of documentation, information science, and informa-

tion retrieval [Mizzaro, 1997; Saracevic, 1996]. Indeed, the purpose of a retrieval system is

to retrieve units of information estimated as likely to be relevant to a user information need.

To build and evaluate e�ective information retrieval syste ms, the concept of relevance needs

to be clearly de�ned.

In traditional information retrieval, a binary relevance s cale is often used to assess the

relevance of an information unit (usually a whole document) to a user request (usually a

query). The relevance value of the information unit is restricted to either zero (when the

unit is not relevant to the request) or one (when the unit is relevant to the request). How-

ever, binary relevance is not deemed to be su�cient in XML retrieval, primarily due to the

hierarchical relationships among the units of retrieval [Piwowarski and Lalmas, 2004].

Each year since 2002, a new set of retrieval topics has been proposed and assessed by

participants in INEX. Analysing the behaviour of assessorswhen judging the relevance

of returned elements may provide insight into possible trends within the relevance assess-

ments [Kazai et al., 2004b; Piwowarski and Lalmas, 2004]. Aninteractive track was estab-

lished for the �rst time in INEX 2004 to investigate the behav iour of userswhen elements of

XML documents (rather than whole documents) are presented as answers [Tombros et al.,

2005a]. The interactive track was run again at INEX 2005, comprising three tasks and two

di�erent XML document collections [Larsen et al., 2006a].

From 2003, two relevance dimensions | Exhaustivity and Speci�city | have been used

at INEX to measure the extent that an element respectively covers and is focussed onan

information need. In 2003 and 2004, the two INEX relevance dimensions used four grades to

re
ect how exhaustive or speci�c an element is: \none", \mar ginally", \fairly", and \highly".

To assess the relevance of an element, the grades from each dimension were combined into a

single 10-point relevance scale. Previous studies have shown that the INEX 2004 relevance

de�nition, comprising two dimensions based on topical relevance, is too hard for users to

understand and relate to [Pharo and Nordlie, 2005; Tombros et al., 2005a]; moreover, a

complex relevance scale, such as the INEX 2004 10-point scale, could lead to an increased level

of obtrusiveness in interactive user environments [Larsenet al., 2005]. As a result, the INEX

relevance de�nition was changed in 2005, where a highlighting assessment approach was used

to gather the relevance assessments [Lalmas and Piwowarski, 2005]. Here, threeExhaustivity
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values were assigned to a relevant element, whileSpeci�city of the relevant element was

measured on a continuous (0; 1] relevance scale (based on the amount of highlighted text

in the element). Values obtained from the two INEX 2005 relevance dimensions were then

combined to assess the relevance of a retrieved element [Kazai and Lalmas, 2006a].

We present an empirical analysis of the INEX 2004 and 2005 relevance de�nitions, which

reveals what the experience of assessors and users suggestsabout how relevanceshould be

de�ned and measured in XML retrieval. We propose a newtopical-hierarchical relevance

de�nition for XML retrieval that is founded on interactive u ser XML retrieval experiments,

and which uses a �ve-point nominal scale to assess the relevance of a retrieved element.

The new relevance scale was successfully used in one of the three tasks of the INEX 2005

Interactive track. We compare the new relevance de�nition to both the INEX 2004 and 2005

relevance de�nitions, and demonstrate that the grades of the new relevance scale can easily

be deduced from the amount of highlighted text found in relevant elements.

1.3.3 How should the e�ectiveness of XML retrieval be evaluated ?

Over the past four years, INEX has been used as an arena to investigate the behaviour of

a variety of evaluation metrics. For three years since its beginning in 2002, the inex eval

metric [G•overt and Kazai, 2003] was the o�cial metric used at INEX to evaluate the ef-

fectiveness of XML retrieval systems. For a returned element, this metric computes the

so-calledPrecall value, which determines the probability that the retrieved element is rele-

vant [Raghavan et al., 1989]. There are, however, two weaknesses of this metric: �rst, the

size of the retrieved element is not taken into account during evaluation; and second, the

level of overlap | both among the retrieved elements and among the relevant elements found

for an INEX topic | is not considered, resulting in possibly i naccurate and misleading eval-

uation results [Kazai et al., 2004a]. To cater for some of these problems, theinex eval ng

metric was proposed as an alternative INEX evaluation metric [G•overt et al., 2003b]. This

metric considers the size and the level of overlap among the retrieved elements, however it

too has several shortcomings: �rst, it is not easy to interpret; second, it assumes that rele-

vant information is uniformly distributed in the element; a nd last, it treats the two relevance

dimensions in isolation by producing separate evaluation scores.

From 2005, the eXtended Cumulated Gain (XCG) metrics were adopted as o�cial INEX

metrics [Kazai and Lalmas, 2005], which are extensions of the cumulated gain metrics ini-

tially used for document retrieval [J•arvelin and Kek•al•a inen, 2002]. The XCGmetrics rely
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heavily on di�erent combinations of relevance grades from the two INEX 2005 relevance

dimensions. These combinations are shown to be di�cult to interpret by assessors, which

in turn questions the validity of the reported evaluation results [Trotman, 2005]. Further-

more, when considering the level of overlap among retrievedelements, theXCGmetrics use

a somewhat ad-hoc methodology in constructing the so-calledideal recall-base[Kazai and

Lalmas, 2006a]. Here, a dependency normalisation functionis used to adjust the descendant

scores of the ideal elements. To date, critical analysis hasnot been performed to determine

whether the reliance on these or alternative choices has a positive or negative impact on XML

retrieval evaluation. The EPRUM metric, which was also usedas an alternative evaluation

metric at INEX 2005 [Piwowarski, 2006], extends the traditional de�nitions of precision and

recall to model a variety of user behaviours. However, more detailed investigation into the

behavioural parameters of this metric is needed before it can reliably be applied to XML

retrieval evaluation.

We contend that the purpose of an XML retrieval system is to identify and retrieve

elements that contain as much relevant information as possible, while minimising the amount

of non-relevant information retrieved. To measure the extent to which an XML retrieval

system returns relevant information, we propose a new evaluation metric for XML retrieval |

which we refer to asHiXEval | that only considers the amount of highlighted relevant tex t in

the element (its Speci�city value), without also considering the extent to which that element

is relevant (its Exhaustivity value). We test the �delity of the new metric by conducting an

extensive analysis of the XML retrieval performance of simulated runs. We test the reliability

of the new metric by performing a comparative analysis between the evaluation behaviour

obtained with measures in the new metric and the behaviour obtained with measures in two

of the o�cial INEX 2005 metrics.

1.3.4 How e�ective is XML retrieval in di�erent application scenarios ?

Arguably, the biggest challenge in XML retrieval lies in the need of identifying appropri-

ate applications that take advantage of element (as opposed to document) retrieval. To

investigate whether and how XML retrieval could be applied in a variety of application sce-

narios, di�erent research tracks have been included as partof INEX since 2004. In addition

to the research activities carried out in the main ad-hoc track [Lalmas and Kazai, 2006],

applications of XML retrieval have also been investigated in the following INEX tracks: in-

teractive [Tombros et al., 2005a; Larsen et al., 2006a], relevance feedback [Crouch, 2006],



16 CHAPTER 1. INTRODUCTION

multimedia [van Zwol et al., 2006], heterogeneous [Szl�avik and R•olleke, 2005], natural lan-

guage processing [Geva and Woodley, 2006], document mining[Vercoustre et al., 2006], and

more recently, the user-case studies track and the XML entityranking track. In this thesis,

we focus on research activities carried out in the INEX 2005 ad-hoc and multimedia tracks.

INEX 2005 Ad-hoc track

The ad-hoc track is the main track used in INEX every year since 2002. It models adigital

library application scenario, where information residing in a static set of XML documents

is searched using a new set of retrieval topics. Three XML retrieval sub-tasks were de�ned

within the INEX 2005 Ad-hoc track: the CO, the +S, and the CAS su b-task, re
ecting

the three ways of articulating the user information need in the CO+S and CAS topics.

Three XML retrieval tasks (called strategies) were explored in both the CO and the +S

sub-tasks: Thorough, Focussed, and FetchBrowse, which model di�erent aspects of XML

retrieval [Lalmas, 2005]. The three strategies follow di�erent assumptions about the way

results are presented to users, and the way the user behaviour is modelled. For example,

in both the Thorough and the Focussed strategies a linear presentation of element answers

is assumed, where elements are ranked in descending order oftheir estimated relevance

scores. In both strategies users are expected to view the result list in a top-down fashion,

by reading elements one after another. The only di�erence between the two strategies is

that all the relevant and overlapping elements are allowed to be retrieved in the Thorough

strategy, whereas in theFocussed strategy it is assumed that users do not like overlapping

elements to be retrieved, and that they would also prefer to see more speci�c over less

speci�c elements (if estimated as equally relevant). A di�erent answer presentation is followed

for the FetchBrowse strategy, where element answers are �rst grouped by their containing

documents, and then ranked in descending order of their relevance scores. Two distinct

models of user behaviour are assumed for this strategy, where each model re
ects the choice

of whether overlapping element answers are allowed to be retrieved or not.

Since 2003, there has been much debate among the INEX participants over how to inter-

pret the structure component of a CAS topic. At INEX 2003 and 2004 there were two inter-

pretations: SCAS, which allows for a strict interpretation of the target element (INEX 2003);

and VCAS, which allows for the target element to be interpreted vaguely (INEX 2004).

However, none of these interpretations considered how thesupport elements of the CAS topic

should be interpreted. Consequently, four retrieval strategies were explored in the INEX 2005
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CAS sub-task: SS, SV, VS, and VV, which correspond to the way target and support elements

are interpreted [Lalmas, 2005]. The four notations are explained as follows: SSrepresents

a strict interpretation of both the target (the �rst letter) and the support (the second let-

ter) elements; with VS, the target element is taken to be vague, but the support elements

are strictly interpreted; with SV, the target element is strictly interpreted, but the suppor t

elements are taken to represent any elements; and withVV, both the target and the support

elements are taken to be vague.

Trotman and Lalmas [2006a] performed an extensive analysisof the performance of all

the runs submitted to the INEX 2005 CAS sub-task, which revealed that those retrieval

strategies that share the same interpretation of the targetelement correlate. Their �ndings

have therefore justi�ed the usage of the two CAS interpretations in the previous two years

of INEX.

INEX 2005 Multimedia track

In a large document collection, it is common to �nd multimedi a elements such as images,

audio, and video. Describing these multimedia elements in astandard way, such as when

using XML to describe the data in a structured manner, is bene�cial as it can assist the

retrieval process. The INEX 2005 Multimedia (MM) track was established with the aim of

retrieving relevant XML elements containing various types of multimedia, of which only text

and images were used [van Zwol et al., 2006].

The INEX 2005 MM retrieval task focussed on identifying and retrieving element answers

containing a combination of text and images. TheWorldGuide collection | referred to as the

Lonely Planet collection in the MM track | was utilised, whic h was provided by the Lonely

Planet organisation.5 As part of the initial task, the INEX 2005 MM track participan ts

were asked to propose several MM topics that might representtypical information needs

expressed by users of this collection. The XML retrieval systems, used by the MM track

participants, were then required to interpret these MM topi cs in a strict (SS) fashion. In its

�rst exploratory year, the track has successfully managed to test di�erent retrieval strategies

that combine content-based text and image techniques that e�ectively retrieve the multimedia

content stored in the Lonely Planet XML document collection [van Zwol et al., 2006].

5http://www.lonelyplanet.com/
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In this thesis, we use measures in theHiXEval evaluation metric to evaluate the e�ective-

ness of di�erent XML retrieval approaches when two distinct scenariosof XML retrieval are

taken into consideration: the ad-hoc retrieval scenario, which simulates a text retrieval sce-

nario as often used in digital libraries; and themultimedia retrieval scenario, which requires

retrieval of multimedia in addition to the textual content. For the ad-hoc retrieval scenario,

we show that the choice for optimal retrieval parameters depends on the CO retrieval strat-

egy and the way CAS topics are interpreted. For the multimedia retrieval scenario, we show

that better XML retrieval performance is achieved when content-based image retrieval is

used in conjunction with content-based XML retrieval, rather than when either of these two

approaches is used in isolation.

1.4 Thesis structure

In addressing the research questions raised in Section 1.3,we have organised this thesis as

follows.

In Chapter 2 we provide an overview of the current state-of-the-art in XML information

retrieval. We discuss existing approaches to XML retrieval, and explain how the full-text

information retrieval approach and the native XML database approach can directly be applied

to XML retrieval. We also describe common approaches that score elements, identify the

appropriate element granularity, and control overlap in XM L retrieval (a similarity framework

that can be used to theoretically model most of these approaches is described in Appendix A).

We then provide an overview of di�erent relevance de�nition s used in information retrieval,

where we particularly focus on the three INEX relevance de�nitions. Furthermore, we list

and describe the current INEX evaluation metrics, and explain how the performances of

di�erent systems are compared and measured in XML retrieval. The common assumptions

that underline the evaluation methodologies in these metrics are also listed, along with the

tests used to check signi�cance, �delity, and reliability o f the reported evaluation results.

Last, we analyse �ndings from various research contributions that attempt to address many

of the current methodological issues in XML retrieval.

In Chapter 3, we present our hybrid approach to XML retrieval that combines text

information retrieval features with XML-speci�c features f ound in a native XML database.

With the hybrid approach, we explore a range of methods that dynamically identify the

appropriate level of answer granularity and rank the �nal answers. We present results of

our experiments on the CO and CAS topics of INEX 2003 and 2004 test collections, and
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demonstrate the usefulness of applying our hybrid approachto various XML retrieval tasks.

In Chapter 4 we revisit the de�nition of relevance in the context of XML retrieval by

performing an extensive analysis of the INEX 2004 and 2005 relevance de�nitions. We present

a new relevance de�nition for XML retrieval, which comprises two relevance dimensions

respectively based ontopical relevance and on thehierarchical relationships among XML

elements. The new topical-hierarchical relevance is founded on empirical results obtained

from interactive XML retrieval experiments, and uses a �ve-graded nominal scale to assess

the relevance of a retrieved element. Our comparison of the new �ve-graded relevance scale to

each of the two INEX 2004 and 2005 relevance scales shows thatempirical mappings between

them can easily be established, and that the optimal mappings do indeed validate the usage

of the new relevance scale in XML retrieval. In Appendix B we present an analysis of the

user attitude towards retrieving overlapping answer elements, which was investigated as part

of our participation in the INEX 2004 Interactive track.

In Chapter 5 we propose a new evaluation metric for XML retrieval that extends the

traditional de�nitions of precision and recall to include t he knowledge obtained from the

INEX 2005 highlighting assessment task. We demonstrate that the new metric meets all

the requirements needed for an unbiased XML retrieval evaluation, and show that | given

the strong correlation of rank orderings obtained by its measures to the orderings obtained

by measures in twoXCGmetrics, and its high reliability at distinguishing between di�erent

retrieval runs | it can be con�dently used to evaluate XML ret rieval e�ectiveness.

In Chapter 6 we use our new metric to evaluate the e�ectiveness of di�erent XML retrieval

approaches, when two distinctscenariosof XML retrieval are taken into consideration: the

ad-hoc retrieval scenario, exploring the activities carried out as part of the INEX 2005 Ad-

hoc track; and the multimedia retrieval scenario, exploring the activities carried out as part

of the INEX 2005 Multimedia track. In the ad-hoc retrieval scenario, we investigate the

retrieval performance of our hybrid XML retrieval approach that combines three similarity

measures, with two algorithms for identifying the appropriate answer granularity, and two

XML-speci�c heuristics to rank the element answers. We show that di�erent values for

retrieval parameters in our hybrid approach are needed to achieve the optimal performance

under the ad-hoc retrieval scenario. In the multimedia retrieval scenario, we investigate the

retrieval performance of our approach of combining evidence from a content-oriented XML

retrieval system and a content-based image retrieval system. We show that the desired textual

or multimedia information can be e�ectively retrieved by us ing our data fusion XML retrieval

techniques in the multimedia retrieval scenario. In Appendix C we present a comparison
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of evaluation results obtained with measures from our new metric to those obtained with

measures from the o�cial metric used in the INEX 2005 MM track .

Finally, we summarise the conclusions of this thesis in Chapter 7 and provide an outlook

for future research.



Chapter 2

XML Information Retrieval

Information retrieval (IR) traditionally focuses on ident ifying documentsthat are estimated

to be relevant to an information need, typically expressed by a user in the form of aquery

request. The granularity of answers in this case is �xed | indeed, who le documents are

usually returned as answers to the user request. XML information retrieval, on the other

hand, di�ers from traditional IR in that elementsrather than documents are units of retrieval,

and that a varying granularity of answers can be returned in response to a request.

The common underlying principle of the above comparison is the level at which the user

request is dealt with. Mizzaro [1997] discusses four possible levels: problem, information need,

request, or query. The problem relates to the actual problem that a user is faced with, and

for which information is needed to help solve it. The user maynot be fully aware of the

actual problem; instead, in their minds they perceive it by forming a mental image. This

mental image in fact represents theinformation need. Request is a way of communicating

the information need to others by specifying it in a natural language. For the request to be

recognised by a retrieval system, it needs to be representedby a query. The query usually

consists of a set of terms, optionally including phrases or logical query operators.

It is the query languageused to express the user request that mainly distinguishes tradi-

tional IR from XML IR. Traditional IR query languages usuall y express Content Only (CO)

requests, which do not include any structurally-related information and only specify plain

query terms. XML IR, however, allows for query languages that in addition to the CO re-

quests also support Content And Structure (CAS) requests. These requests explicitly specify

the type of the returned answer elements (the target element) and the type of the contained

elements of the search context (the support elements).
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In this chapter we provide an overview of the current state-of-the-art in XML information

retrieval. In Section 2.1 we present a brief description of query languages for XML retrieval,

and categorise approaches that use these query languages toscore elements in XML retrieval.

In Section 2.2 we provide an overview of di�erent relevance de�nitions used in information

retrieval, with a particular focus on the three INEX relevance de�nitions. In Section 2.3 we

describe current evaluation metrics for XML retrieval, and discuss tests that can be used to

check �delity, reliability, and signi�cance of reported ev aluation results. Finally, in Section 2.4

we review various contributions that attempt to address many of the methodological issues

surrounding the �eld of XML retrieval.

2.1 XML retrieval approaches

Common approaches to XML retrieval either extend well-knownfull-text IR systems to han-

dle XML retrieval, or represent XML-speci�c database approaches that incorporate XML

standards, such as XPath [Berglund et al., 2005], XSL [Adleret al., 2001] or XQuery [Boag

et al., 2006], to handle both XML presentation and retrieval [G•overt and Kazai, 2003]. In

this section, we �rst present a brief description of the query languages most commonly used

in XML retrieval. We then describe full-text IR and native XML database approaches, and

show how they can both be applied without any extensions to XML retrieval. Last, we list

and categorise some of the current approaches to scoring elements in XML retrieval, and dis-

cuss common approaches to identifying the appropriate answer granularity and controlling

overlap in XML retrieval.

2.1.1 Query languages

Many query languages have been proposed for XML retrieval, ranging from languages con-

taining only plain query terms to languages that combine term proximity with complex

structural conditions. The query languages also di�er on their level of expressiveness [Botev

et al., 2006]. Amer-Yahia and Lalmas [2006] classify the existing XML query languages in

the following four categories, which di�er according to the extent to which the document

structure is used in their queries.

1. Term-only query languages. The XML query languages in this category are similar

to the plain text query languages used in traditional IR, except that elements (instead

of documents) are required to be returned as answers. Examples of XML retrieval
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approaches that use these query languages are XRANK [Guo et al., 2003] and XK-

SEARCH [Xu and Papakonstantinou, 2005]. Term-only queries have also been used to

represent CO query requests in the nearest-concept queries [Schmidt et al., 2001] and

NEXI [Trotman and Sigurbj•ornsson, 2005], the o�cial INEX q uery language.

2. Tag-and-term query languages. The XML query languages in this category allow

tags to be annotated to the plain terms in their queries. An XML retrieval approach

that uses such query language is XSEARCH [Cohen et al., 2003]. In addition to the

strict tag interpretation, XSEARCH also allows for semanti cally-related tags to be

considered in the query results. For example, the querysec:Jedi Force explicitly

asks that either or both of the query terms Jedi and Force be found in sec or other

semantically-related elements.

3. Path-and-term query languages. The XML query languages in this category use

explicit XPath structural conditions in their queries. Exa mples of XML retrieval ap-

proaches that use these query languages include XIRQL [Fuhrand Gro�johann, 2001]

and XXL [Theobald and Weikum, 2002]. As discussed earlier, NEXI also uses a variant

of a Path-and-term query language to represent CAS query requests.

4. XQuery-and-term query languages. The XML query languages in this category use

XQuery | the standard W3C XML query language | and additional ly allow for a

range of full-text predicates to be combined. This introduces a sense of vagueness in

the otherwise strict content and structural interpretatio n of XQuery. Examples include

the schema-free XQuery [Li et al., 2004] and TeXQuery [Amer-Yahia et al., 2004]. The

latter query language, for example, adds proximity distance and stemming full-text

predicates to XQuery.

We now provide descriptions of two approaches | full-text inf ormation retrieval and

native XML database | and show how they can be directly applie d to XML retrieval.

2.1.2 Full-text information retrieval approaches

A full-text IR approach, when directly applied to XML retriev al, does not utilise any infor-

mation about the XML document structure. Queries used by this approach are Term-only

queries, which mainly contain a bag of words. To evaluate a query, an e�cient inverted

index structure is usually utilised [Witten et al., 1999]. Final answers are whole documents,
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usually presented by descending likelihood of relevance tothe information need expressed by

the query. Most existing full-text IR implementations do not support indexing and retrieving

of more speci�c document elements.

Two main types of Term-only queries are typically used by a full-text IR approach:

Booleanqueries andranked queries. Boolean queries will be covered in more detail later with

the native XML database approaches. Ranked queries are queries often used in many search

scenarios on the World Wide Web and elsewhere. An example of aranked query is 'Jedi

Force'. Although no Boolean operators are used, most IR systems implicitly connect the

query terms so that answer documents contain either all (AND) or any (OR) of the query

terms.

The similarity of a document to a ranked query, denoted asSq;d, indicates how closely

the content of the document matches that of the query. To calculate the query-document

similarity, statistical information about the distributi on of the query terms | within both

the document and the collection as a whole | is often necessary. Following the notation

and de�nitions of Zobel and Mo�at [1998], we de�ne the basic term statistics for document

retrieval as:

� q, a query;

� t, a query term;

� d, a document;

� ND , the number of all the documents in the collection;

� For each term t:

{ f d;t , the frequency of t in document d;

{ ND t , the number of documents containing the term t (irrespective of the term

frequency in each document); and

{ f q;t, the frequency of t in query q.

� For each documentd:

{ f d = jdj, the total number of term occurrences ind.



2.1. XML RETRIEVAL APPROACHES 25

� For the query q:

{ f q = jqj, the total number of term occurrences inq.

We also denote the following sets:

� D , the set of all the documents in the collection;

� D t , the set of documents containing termt;

� T d, the set of distinct terms in the document d;

� T q, the set of distinct terms in the query, and Tq;d = Tq \ T d.

Many similarity measures for document retrieval have been proposed, and most of them

implement one of the three major information retrieval models: the vector-space model, the

probabilistic model, and the language model[Salton et al., 1975; Baeza-Yates and Ribeiro-

Neto, 1999; Croft and La�erty, 2003].

In the vector-space model, both the document and the query arerepresentations ofn-

dimensional vectors, wheren is the number of unique terms observed in the document col-

lection. The best-known technique for computing similarity under the vector-space model

is the cosine measure, where the similarity between a document and the query is computed

as the cosine of the angle between their vectors. For example, the pivoted cosine similarity

measure [Singhal et al., 1996] is represented as follows:

Sq;d =
1

WD � Wq
�

X

t2T q;d

(1 + ln f d;t ) � ln
�

1 +
ND

ND t

�
(2.1)

In the above equation,WD represents the pivoted document length normalisation:

WD =
�

(1:0 � s) + s �
Wd

WAL

�

Here, the parameters represents theslope, which takes values in the range 0 to 1 [Singhal

et al., 1996], andWd and WAL are the document length (usually taken asf d) and the average

document length (over all documents inD), respectively.

Wq is the query length representation, which is calculated as follows:

Wq =

vu
u
t

X

t2T q

�
ln

�
1 +

ND

ND t

�� 2
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Probabilistic models of information retrieval are based onthe principle that documents

should be ranked according to the decreasing probability oftheir relevance to the user in-

formation need. The Okapi BM25 probabilistic model, developed by Sparck Jones, Walker,

and Robertson [2000], is an example of a probabilistic modelthat has been demonstrated as

highly successful in a wide range of IR experiments. It is represented as follows:

Sq;d =
X

t2T q;d

wt �
(k1 + 1) f d;t

K + f d;t
�

(k3 + 1) f q;t

k3 + f q;t
(2.2)

In the above equation, wt is a representation of the inverse document frequency, usually

taken as:

wt = ln
�

ND � ND t + 0 :5
ND t + 0 :5

�

The variable K is calculated as:

K = k1 �
�
(1 � b) +

b� Wd

WAL

�

Constants k1, b and k3 take typical values in the range 1.0 to 2.0, 0.35 to 0.75, and a

very large number (e�ectively in�nite), respectively [Spa rck Jones et al., 2000].Wd and WAL

represent the document length and the average document length.

Language models are probability distributions that aim to capture the statistical regulari-

ties of natural language use. In information retrieval, language modelling involves estimating

the likelihood that both the document and the query are generated by the same language

model. Approaches that use language modelling in IR includethe multinomial language

model [Hiemstra, 2001] and the query likelihood approach with Dirichlet smoothing [Zhai

and La�erty, 2004]. The latter approach is represented as follows:

Sq;d = f q � ln � d +
X

t2T q;d

ln
�

ND � f d;t

� � ND t

+ 1
�

(2.3)

In the above equation, � is a smoothing parameter which typically takes values in the

range 1 to 5 000 [Zhai and La�erty, 2004], and� d = �= (� + f d).

Regardless of the similarity measure used, a selected number of documents (initially up

to 10), sorted in descending order by their relevance scores, are retrieved as a response to the

user query. For example, Table 2.1 shows a ranked list of document answers for the query

'Jedi Force ', generated from the two XML documents shown in Figure 1.1. The score

values shown in the last column are calculated with the pivoted cosine similarity measure

(Equation 2.1). These values indicate that, when a full-text IR approach is directly applied
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Document (id) Element answer Rank Score

Ranked query: 'Jedi Force'

jedi1 (d1) /article[1] 1 3.7418

jedi2 (d2) /article[1] 2 2.7069

Table 2.1: List of documents obtained for a ranked query using a full-text IR approach. The

document answers are generated from the two XML documents shown in Figure 1.1, and are

presented in an XPath notation.

to XML retrieval, document answers estimated as most usefulto the query can indeed be

identi�ed early in the retrieval process. However, most full-text IR systems only retrieve

full documents and are not capable of also retrieving document elements | such as p or

sec | that could allow for more focussed access to the contained relevant information.

2.1.3 Native XML database approaches

Native XML databases provide strong support for storing and querying XML documents.

Information about the XML documents is usually incorporated in various index structures,

allowing users to query both by document content and by document structure. Queries used

by native XML database approaches represent either Path-and-term or XQuery-and-term

queries (or both). However, answer elements of most native XML databases are usually not

ranked according to their likelihood of relevance.

Boolean queries | containing a combination of Boolean logic operators OR, AND, and

NOT | are typically used by native XML databases to determine which elements should be

retrieved in response to the query. The XPathcontains() function is often used to support

string comparisons in these queries. For example, the XPathquery:

//*[contains(., 'Jedi') and contains(., 'Force')]

represents an AND Boolean query, asking that elements containing both query terms should

be retrieved. The following query represents an OR query:

//*[contains(., 'Jedi') or contains(., 'Force')]

The Kleene-star operator (* ), used as a target element in the above queries, instructs

the native XML database to retrieve elements at di�erent granularity levels that satisfy both

the textual and the logical query conditions. However, to support e�cient query evaluation
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this operator is usually implemented such that only textual (leaf) elements are retrieved

by the database. For example, Table 2.2 respectively shows two answer lists of matching

elements for the two AND and OR Boolean queries, obtained when using the eXist native

XML database [Meier, 2003]. We observe that no score values have been calculated for

these matching elements, which are grouped by their containing document and sorted in

document order. The documents are assumed equally likely tobe relevant to the query, and

they are presented in increasing order of their document identi�ers assigned during indexing.

Table 2.2 also shows that, when there is an unspeci�ed targetelement in the query (by using

the Kleene-star operator), element answers returned by the eXist native XML database are

the most speci�c (leaf) textual elements.

Due to the hierarchical relationships among the elements inan XML document, the same

textual information is often contained by one or more elements. Thus, one of the biggest

XML retrieval challenges is determining the appropriate level of elementgranularity (that is,

determining which elements are preferable units of retrieval). To determine the appropriate

element granularity, many XML retrieval systems follow the concept of theLowest Common

Ancestor (LCA). LCA is the most speci�c ancestor element containing most (or all) of the

distinct query terms that may otherwise be distributed among its descendants. For example,

the LCAs generated for the OR Boolean query are the elements listed in the last four rows

in Table 2.2. Variations of the LCA concept include meaningful LCAs [Li et al., 2004] and

statically-de�ned index objects [Fuhr and Gro�johann, 2001].

The LCA concept helps in identifying the preferred granularity of element answers. How-

ever, as shown in Table 2.2, the native XML database approaches typically do not rank these

LCA elements in decreasing order of their estimated relevance scores. Retrieving and ranking

elements at di�erent granularity levels may, therefore, produce redundant information, since

a user may have already seen the same information by inspecting elements residing higher in

the list. This challenge has been referred to asthe overlap problem, and is shown to have a

huge impact on both the XML evaluation and retrieval [Kazai et al., 2004a; Clarke, 2005].

2.1.4 Scoring approaches

In this subsection, we discuss approaches commonly used to score elements, identify the ap-

propriate element granularity, and control overlap in XML r etrieval. The scoring approaches

are categorised according to the information retrieval model or the database techniques used

for retrieval. A similarity framework that can be used to the oretically model most of the
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Document (id) Element answer (XPath notation) Position Score

AND query: //*[contains(., 'Jedi') and contains(., 'Force')]

jedi1 (d1) /article[1]/abs[1] 1 |

jedi1 (d1) /article[1]/sec[1]/p[2] 2 |

jedi2 (d2) /article[1]/sec[1]/p[1] 3 |

OR query: //*[contains(., 'Jedi') or contains(., 'Force')]

jedi1 (d1) /article[1]/atl[1] 1 |

jedi1 (d1) /article[1]/abs[1] 2 |

jedi1 (d1) /article[1]/sec[1]/it[1] 3 |

jedi1 (d1) /article[1]/sec[1]/stl[1] 4 |

jedi1 (d1) /article[1]/sec[1]/p[1] 5 |

jedi1 (d1) /article[1]/sec[1]/p[2] 6 |

jedi1 (d1) /article[1]/sec[2]/it[1] 7 |

jedi1 (d1) /article[1]/sec[2]/stl[1] 8 |

jedi1 (d1) /article[1]/sec[2]/p[1] 9 |

jedi2 (d2) /article[1]/atl[1] 10 |

jedi2 (d2) /article[1]/abs[1] 11 |

jedi2 (d2) /article[1]/sec[1]/p[1] 12 |

jedi2 (d2) /article[1]/sec[2]/p[1] 13 |

LCAs generated for the OR query

jedi1 (d1) /article[1] 1 |

jedi1 (d1) /article[1]/sec[1] 2 |

jedi1 (d1) /article[1]/sec[2] 3 |

jedi2 (d2) /article[1] 4 |

Table 2.2: List of matching and LCA elements for two Boolean queries using a native XML

database approach. The element answers are generated from the two XML documents shown

in Figure 1.1, and are presented in an XPath notation.
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scoring approaches presented here is described in AppendixA.

Approaches extending the vector space model

Schlieder and Meuss [2002] present an XML retrieval approach that adopts a similarity mea-

sure based on the vector space model, incorporates the document structure, and furthermore

supports structured queries. Their s-term ranking model is based on the tree matching for-

malism, representing both queries and XML elements as labelled trees. Weigel et al. [2005]

extend the s-term ranking model with additional data structu res and algorithms to support

more e�ective as well as more e�cient XML retrieval.

Grabs and Schek [2002] argue that even a single XML document may have very het-

erogeneous content, containing many di�erent parts, or so-called categories. They present

a theoretical model for 
exible XML retrieval that generate s the ranking term statistics

on-the-
y and incorporates single-category, multi-category and nested retrieval.

Carmel et al. [2003] also discuss a variation of extending the vector space model to XML

retrieval. To express queries, they use the concept of XMLfragments, which are similar to the

previously introduced categories. However, in addition tousing a measure for determining

the content similarity between the fragments found in the document and the query, they

also introduce a measure ofstructure similarity. This measure allows for element answers to

be additionally weighted according to the extent to which they are structurally similar to

the query. They propose several heuristic functions, and evaluate their performance on the

INEX 2002 test collection.

Crouch et al. [2004; 2005] apply theextendedvector space model to XML retrieval. In

this model, an XML document vector comprises a set of sub-vectors, where each sub-vector

represents a di�erent concept class. To calculate the similarity between an extended (doc-

ument) vector and a query, a linear combination of similarities between the corresponding

sub-vectors is used. Recently, they have also included an additional retrieval module that is

capable of dynamically generating the element term weights[Crouch et al., 2006].

Mass and Mandelbrod [2004] also extend the vector space model to handle XML retrieval

at element level. They argue that the element scores calculated using the vector space model

may be distorted, since the occurrences of a query term across the XML document collection

are inappropriately calculated. Accordingly, on the basisof a training data set they �rst

statically de�ne the granularity of answer elements, and create a separate index for elements

with a (previously determined) quali�ed name. The query is then submitted in parallel to
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each index, and after element scores for each index are normalised, the results are �nally

merged into a single list of ranked elements. To compensate for the missing term statistics

in each index, they extend this work by introducing a document pivot by which the element

scores obtained from each index can be adjusted [Mass and Mandelbrod, 2005].

Approaches extending the probabilistic model

Wol� et al. [2000] introduce the concept of structural roles, referring to di�erent elements that

share the same semantics. To rank the �nal element answers, they extend the probabilistic

model of information retrieval by incorporating the knowledge of these structural roles. The

roles are statically de�ned, and chosen mainly from the quali�ed names of the contained

elements. The concept of structural roles has also been implemented in the \out of the box"

SearX search engine [Florke, 2004].

The Hypermedia Retrieval Engine for XML (HyREX) [G•overt et al., 2003a] provides an

implementation of the XIRQL query language [Fuhr and Gro�jo hann, 2001], which is based on

probabilistic principles. To retrieve the most speci�c document elements likely to be relevant

to a query, disjoint index objects are �rst identi�ed by manu ally analysing the document

schema. For relevance-oriented search, an augmentation factor is used to downweight the

weights of index terms calculated for the most speci�c indexobjects when those terms are

propagated upwards to the higher-level objects.

Lu et al. [2006] present an XML indexing and retrieval systembased on the Okapi-BM25

similarity measure [Robertson and Walker, 1999]. They extend Robertson's �eld-weighted

BM25F measure | as originally applied to document retrieval [Robertson et al., 2004] | and

apply the so-called BM25E measure to element retrieval. In addition to scoring an element by

its contained query terms, they also use a linear combination of weights for term frequencies

found in descendant elements in constructing the �nal element score.

Trotman and O'Keefe [2004] present a method of indexing and searching XML documents

that is speci�cally adapted to element retrieval. A proprie tary corpus-tree structure is �rst

used to retrieve and rank whole documents using the Okapi BM25 similarity measure. Likely

relevant elements are then extracted from these documents,by using the notion of \coverage"

(the number of distinct query terms contained by the element).

Approaches extending the language model

Hiemstra [2003] presents one of the earliest approaches to extending the traditional language
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model to XML retrieval. Advanced statistical language modelling constructs, such as priors,

mixtures, and translation models, are implemented in an experimental XML retrieval system,

and are shown to e�ectively model intelligent information r etrieval from XML document

collections.

Ogilvie and Callan [2004] present a language modelling approach for ranking elements

using CO queries against an XML document collection. A generative language model is

used to estimate probabilities that arbitrary elements have generated the query. They also

describe storage mechanisms and retrieval algorithms usedto e�ciently evaluate CO queries.

Abolhassani et al. [2004] follow a non-parametric language model that adopts the Diver-

gence From Randomness (DFR) approach. To derive the term weights, the divergence of the

actual term distribution from that obtained under a random p rocess is measured. For CO

queries, the above model is extended by an additional factorthat considers the structural

relationships among retrieved elements.

Sigurbj•ornsson et al. [2004] use an XML retrieval approachthat implements a multinomial

language model with Jelinek-Mercer smoothing. To rank document elements, a language

model for each element is �rst estimated. An element index isconstructed, where text

appearing in an element is indexed both as part of that element and as part of all its ancestor

elements. This index is then used to �nd the appropriate units of XML retrieval and to mix

evidence from several hierarchical document levels. Usingthe multinomial language model,

they additionally investigate the impact of length normali sation to XML retrieval [Kamps

et al., 2004].

Database and other related approaches

Most XML databases implement e�cient storage and querying mechanisms over XML doc-

uments and (usually) retrieve elements that strictly match the logical query conditions.

Most have also implemented a support for XQuery. Recently, the World Wide Web Con-

sortium has acknowledged the need for incorporating full-text search and ranking capabil-

ities into XQuery [Amer-Yahia and Case, 2006; Buxton and Rys, 2003]. The TeXQuery

language [Amer-Yahia et al., 2004], implemented in Quark1 and Galatex,2 and the TIX bulk-

algebra [Al-Khalifa et al., 2003], implemented in Timber,3 represent initiatives aiming at

integrating information retrieval techniques into the sta ndard XML database query evalua-

1http://www.cs.cornell.edu/database/quark/
2http://www.galaxquery.com/galatex/
3http://www.eecs.umich.edu/db/timber/
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tion engine. TeXQuery speci�es a bi-directional mapping between the XQuery data model

and its formal data model. Two additional TeXQuery expressions enable users to express

full-text search queries and to additionally rank the element answers. The TIX algebra, on

the other hand, is based on the notion of a \scored tree", which represents a rooted tree where

each element incorporates at least two attributes, indicating its quali�ed name and relevance

score. Additional operators manipulate the scored data trees in an information retrieval

fashion: by enabling retrieval of elements after satisfying the requirements for the score or

the rank position, and by specifying the way of selecting themost appropriate among all the

likely relevant elements. The TeXQuery language and the TIXalgebra attempt to bridge the

gap between the information retrieval and the strict database approaches to XML retrieval.

The two retrieval concepts have also been demonstrated in fully functional prototypes [Botev

et al., 2004; Yu et al., 2003].

The TIJAH system [List et al., 2005] is another notable approach that integrates informa-

tion retrieval methods in an XML database. A standard database architecture is followed by

carefully separating the conceptual, logical, and physical levels. At the conceptual level, dif-

ferent query patterns are used to map the NEXI queries into corresponding query execution

strategies, where the language modelling approach to information retrieval is used to support

the NEXI about() function. The score region algebra is exploited for query processing at the

logical level, where various region operators are used to select and manipulate XML elements.

To support e�cient query execution, the physical level uses a numbering scheme to map the

logical algebra expressions into e�cient relational algebra expressions. Recently, the TIJAH

system has been extended to transparently support di�erentinformation retrieval models in

the XML database engine [Blok et al., 2006]. This is achievedby designing abstract functions

in the score region algebra operators, which are used to model the calculation, propagation,

and combination of element relevance scores [Mihajlovic etal., 2005].

XXL [Theobald and Weikum, 2002; Schenkel et al., 2004] incorporates a simple probabilis-

tic ranked XML retrieval approach in the traditional databa se engine, and additionally utilises

ontological knowledge for both the element names and the element content. TopX [Theobald

et al., 2005] is an extension of XXL that implements di�erent query processing architecture,

which unlike XXL enables an e�cient and versatile support fo r identifying and scoring the

top-k element results. Similarly as XXL, XSearch [Cohen et al., 2003] utilises information

about the element semantics in addition to the element content to achieve e�ective element

retrieval. XRank [Guo et al., 2003], on the other hand, is tuned for a hyperlinked XML

environment and primarily aims at returning the most speci� c elements in a document that
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contain most or all of the query terms.

The CSIRO participating group at INEX 2002 followed a system-oriented approach to

XML retrieval [Vercoustre et al., 2003]. In this approach, queries are sent to PADRE, the core

of the CSIRO Panoptic enterprise search engine.4 Unlike most full-text IR systems, PADRE

combines full-text and metadata indexing and retrieval and is capable of indexing particular

elements in a document (such assec and p). Additional ranking algorithms are also used

to construct the scores of the containing ancestor elements. The EXTIRP system [Doucet

et al., 2004] follows similar XML retrieval approach, where XML documents are �rst split

into a set of \minimal XML fragments". These fragments are th en ranked using a similarity

measure based on the vector space model. The element scores are aggregated to the ancestor

elements, such that the �nal ranked answer list could be generated.

Approaches to identifying the appropriate answer granularity

One of the earliest attempts to identifying the preferable answer granularity in XML retrieval

was done by Kazai et al. [2002], who followed a focussed XML retrieval approach that aims

at identifying the best entry point (BEP) elements. BEPs are considered to be elements

from which users can easily browse and access relevant document information [Reid et al.,

2006a;b]. Recently, Kazai and Ashoori [2006] have also investigated various selection strate-

gies, derived from user studies, that can e�ectively identify these best entry point elements.

They have classi�ed the BEPs in three categories: Parent BEPs (PBEP), where the parent

element of relevant elements is selected as BEP; \Start reading here" BEPs (SBEP), where

a leaf element in a sequence of relevant leaf elements is selected as BEP; and Combined BEP

(CBEP), where a parent element in a sequence of parent elements is selected. They found

that the most popular BEP type was SBEP, which was followed byPBEP, while CBEP was

the least popular BEP type. This �nding suggests that leaf level entry points are usually

found to be preferable points from where users would like to start reading the relevant text

information. In XIRQL [Fuhr and Gro�johann, 2001] the appro priate units of retrieval, re-

ferred to as \index objects", are speci�ed by domain analysts by manually analysing the

existing XML document schema. Contrary to the manual approach, Hatano et al. [2003]

propose a statistical analysis that determines \Coherent Partial Documents" without the

need of a document schema. Their approach requires that the entire XML document collec-

tion is processed before the appropriate answer granularity could be reliably identi�ed. An

4http://www.panopticsearch.com
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interesting approach to identifying the appropriate answer granularity has also recently been

proposed and evaluated by Ram��rez et al. [2006b], where alinking information that identi�es

relationships betweentoo small and other relevant elements is used to reinforce the relevance

of the appropriate retrieval elements. These and similar techniques have been shown to work

particularly well under the focussed XML retrieval task [Ram��rez et al., 2006a].

Approaches to controlling overlap

One approach tocontrolling overlap in XML retrieval is the list processing approach, where

elements are removed from the ranked list of answers if they either contain or are contained

by any other element residing higher in the list [Sigurbj•ornsson and Kamps, 2006; Sauvagnat

et al., 2006b; Geva, 2006]. However, Mihajlovic et al. [2006] argue that the estimated score

of an element may not be solely su�cient in determining the extent to which that element

is useful when retrieved as answer. Thus, the decision whether to remove an element from

the list should depend not only on its estimated relevance score, but also on its size and

the amount of contained non-relevant information. They formally de�ne a utility function

that incorporates these three factors, and show that the overlap removal strategies that only

rely on the estimated element scores are not always the most e�ective. A similar \smart"

overlap removal strategy is proposed by Mass and Mandelbrod[2006], where in addition to

the estimated element score, information about the distribution of the relevant descendant

elements is also taken into account. An element is retained in the answer list if the relevant

descendants are evenly distributed in the element tree (in which case all the descendants

are removed). Conversely, the element is removed if either the relevant descendants are

concentrated under one of its child elements, or if it has a direct child element with a higher

estimated score than that of its own. A threshold value is manually chosen such that all the

elements with an estimated score lower than the threshold are not taken into account.

An alternative approach to controlling overlap in XML retri eval is described and exten-

sively evaluated by Clarke [2005]. Here, starting from the list of ranked elements (initially

generated by an extension of the Okapi BM25 similarity measure), elements are re-ranked

and their scores iteratively adjusted such that the level of overlap among elements is re-

considered for each iteration. Clarke follows an argument raised by Robertson et al. [2004] to

not adjust the estimated element scores in a linear fashion;instead, the weight contributions

of term frequenciesin overlapping elements are dynamically adjusted as the overlap level is

re-considered. Clarke also introduces a parameter that is used to control overlap among the
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retrieved elements, and provides experimental results that demonstrate the e�ectiveness of

this overlap removal strategy.

2.2 Relevance in information retrieval

Relevanceis one of the most important concepts in the �elds of documentation, information

science, and information retrieval [Saracevic, 1996; Borlund, 2003a]. In this section, we

present an overview of di�erent relevance de�nitions used in information retrieval, with a

particular focus on the three INEX relevance de�nitions.

2.2.1 De�nitions and dimensions

Many relevance de�nitions are used in information retrieval. In general, there is a system-

oriented, a user-oriented, and a logical de�nition of relevance [Mizzaro, 1997]. However, there

are also other de�nitions of relevance, which relate to its nature and its notion of dependence.

With respect to its nature, there is binary and non-binary (gr aded) relevance [Borlund,

2003a]. With respect to whether the relevance of a retrievedunit is dependent or not on

any other unit already inspected by the user, there is dependent (novel) and independent

(aspect) relevance [Saracevic, 1996; Borlund, 2003a; Lavrenko, 2004].

The system-oriented de�nition provides a binary relation between a unit of information

(a document or an element) and a user request (a query). To model this relation, both the

unit of information and the user request are represented by aset of terms, re
ecting the

contents of the unit and the interest of the user, respectively. In this case, relevance is simply

de�ned by the level of semantic overlap between the two representations; the more similar

these representations are, the more likely the informationunit is relevant to the user request.

According to this de�nition, relevance is not dependent on any factors other than the two

representations. More speci�cally, it depends neither on the user who issued the request (or

on the user information need), nor on any other information units (regardless of whether

they have been previously considered to be relevant or not),nor on any other requests to

which the information unit may or may not be relevant [Borlun d, 2003a].

Novel relevance deals with the impact of retrieving redundant information units on user's

perception of relevance. For example, if a system retrievestwo near-duplicate information

units | which may both be relevant to a request | the user will v ery likely not be inter-

ested in reading both of them, since once the �rst one is read,the second becomes entirely

redundant. Carbonell and Goldstein [1998] proposed the concept of Maximal Marginal Rele-
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vance, which attempts to provide a balance between therelevanceof a document to a query

and the redundancy of that document with respect to all the other documents previously

inspected by the user. An interesting approach that may be seen as an extension of this

work is described by Allan et al. [2001]. Their work attempts to address redundancy on a

sub-document level and is based on the following idea: even ifa document is considered to be

mostly redundant by a user, it may still contain a small amount of novel information (which

is, for example, often the case in news reporting). Therefore, they independently evaluate

the performance of an information retrieval system with respect to two separate de�nitions

of relevance: a topical relevance and a novel relevance. Some aspects of novel relevance have

been investigated in detail in the TREC novelty tracks [Soboro� and Harman, 2004].

A user request often represents a complex information need that may comprise smaller

(and possibly independent) parts, often calledaspects. The goal of an information retrieval

system is then to retrieve information units that cover as many aspects of the information

need as possible. In this context,aspect relevancespeci�es the extent to which the information

unit is focussed on a particular aspect of the information need, whereasaspect coverageis

de�ned as the number of aspects for which relevant retrievedunits exist. Aspect relevance

and coverage have been extensively studied in the TREC interactive tracks [Hersh and Over,

2001].

2.2.2 INEX relevance

The binary relevance scale, as used in traditional information retrieval,5 is not deemed to be

su�cient in XML retrieval, primarily due to the hierarchica l relationships among the units

of retrieval [Piwowarski and Lalmas, 2004]. For example, a paragraph and its containing

section can both be relevant to a user request, but the paragraph may be more focussed on

the request, and may thus (arguably) represent a preferableelement to retrieve. Accordingly,

two relevance dimensionshave been used as part of the INEXrelevance de�nition. The two

relevance dimensions are respectively based on aspect coverage and aspect relevance, as

explained above. To express the relevance of a retrieved element, a relevance scaleis used to

combine the values from the two INEX relevance dimensions. However, di�erent names for

the two relevance dimensions and di�erent relevance scaleswere used in INEX over the past

four years.

5Recent Robust and Web tracks in TREC, however, use a non-binary scale for relevance judgements.
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INEX 2002 relevance de�nition

At INEX 2002, the two dimensions were namedtopical relevanceand component coverage,

which respectively re
ect the extent to which the element coversand is focussedon aspects

of the information need (as represented by an INEX topic). Each dimension uses four rele-

vance grades, from \irrelevant" (0), \marginally" (1), \fa irly" (2), or \highly" (3) relevant

for topical relevance, to \no coverage" (n), \too large" ( l ), \too small" ( s), or \exact cover-

age" (e) for component coverage [G•overt and Kazai, 2003]. A relevance value of an element

is denoted asRrCc , where R refers to topical relevance,C refers to component coverage,

and r and c represent integer and nominal values used for the two dimensions, respectively.

For example, the relevance valueR3Ce denotes a highly relevant element with an exact

coverage to an INEX 2002 topic, whereasR0Cn denotes a non-relevant element that does

not have any coverage. However, this relevance de�nition has not been used by INEX since

2002, partly because of the vagueness introduced in the terminology used for the names of

the two relevance dimensions, and partly because it has beensubsequently shown that the

INEX 2002 assessors did not understand the notion of \too small" [Kazai et al., 2004b].

INEX 2003 and 2004 relevance de�nition

From 2003 at INEX, the relevance of an element to a query (an INEX topic) is described

by two dimensions: Exhaustivity, which models the extent to which the element discusses

aspects of the information need, andSpeci�city , which models the extent to which the element

focuses on aspects of the information need [Piwowarski and Lalmas, 2004]. For example, an

element may be highly exhaustive to a user request (since it discusses most or all the aspects

of the information need), but only marginally speci�c (sinc e it also focuses on aspects other

than those concerning the information need).

At INEX 2003 and 2004, four grades were used for each relevance dimension, such that

the relevance of an element ranges from \none" (0), to \marginally" (1), to \fairly" (2), or to

\highly" (3) exhaustive or speci�c, respectively. Table 2. 3 shows all the possible combinations

between the grades of the two relevance dimensions, which represents the 10-point relevance

scale used by the INEX 2003 and 2004 relevance de�nitions.

The two relevance dimensions,Exhaustivity and Speci�city , are not completely orthogo-

nal. An element that is not exhaustive is also not speci�c to the request (and vice versa),

which restricts the space of combining grades to the ten possible values. In Table 2.3 a

relevance value of an element is denoted asEeSs, where E refers to Exhaustivity, S refers
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Exhaustive

Speci�c Highly Fairly Marginally None

Highly E3S3 E2S3 E1S3 |

Fairly E3S2 E2S2 E1S2 |

Marginally E3S1 E2S1 E1S1 |

None | | | E0S0

Table 2.3: The 10-point relevance scale, used in INEX 2003 and2004. Each point of the

relevance scale combines a grade from Exhaustivity with a grade from Speci�city.

to Speci�city , and e and s represent integer values between zero and three. An elementis

consideredrelevant only if the e and s values are both greater than zero. The relevance value

E0S0 therefore denotes anon-relevant element, whereas the valueE3S3 denotes ahighly

relevant element. However, previous studies have shown that the INEX2004 relevance de�-

nition, comprising two dimensions based ontopical relevance, is too hard for users to relate

to [Pharo and Nordlie, 2005; Tombros et al., 2005a]. Moreover, an analysis of the assessor

agreement on the set of 12 topics that were double-judged at INEX 2004 has revealed that,

although the assessors did agree (to a certain extent) on therelevant documents found for

an INEX 2004 topic, they did not seem to agree on the relevant elements within these docu-

ments, mostly because various combinations of relevance grades can be assigned to relevant

elements [Trotman, 2005]. It has also been observed that a complex relevance scale, such as

the INEX 2004 10-point scale, could lead to an increased levelof obtrusiveness in interactive

user environments [Larsen et al., 2005].

INEX 2005 relevance de�nition

In light of the above �ndings, the INEX relevance de�nition w as changed at INEX 2005,

where a highlighting assessment task was used to gather relevance assessments for INEX

topics [Lalmas and Piwowarski, 2005]. The highlighting assessment task had two main steps,

which are described as follows. The assessor was �rst required to highlight the relevant

content in each returned document. After the assessment tool automatically identi�ed the

elements that enclosed the highlighted content, the assessor was then asked to judge the

Exhaustivity of these elements, and of all their ancestors and descendants. The three possible
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Exhaustivity values weretoo small (?), partially exhaustive (1), and highly exhaustive(2).

The assessment tool automatically computedSpeci�city of the judged elements as the ratio

of highlighted to fully contained text, where the possible Speci�city values were drawn from

a continuous (0; 1] relevance scale.

Figure 2.1 shows a sample of the relevance assessments obtained for INEX 2005 CO+S

topic 203, containing �ve highlighted passages. For each judged element,E shows theEx-

haustivity value of the element; size denotes the total number of characters contained by

the element; andrsize shows the actual number of highlighted characters by the assessor.

As for the previous two INEX relevance de�nitions, the values from the two INEX 2005

dimensions were combined to express therelevance of an element to an INEX 2005 topic.

For example, if a fully highlighted element was assigned anExhaustivity value of 1, then that

element was deemed ashighly speci�c but only partially exhaustive [Lalmas and Piwowarski,

2005].

2.3 Evaluation approaches

In this section, we detail the existing evaluation approaches for XML retrieval. We describe

the common assumptions underlying the XML retrieval evaluation, the evaluation metrics

and their corresponding measures used, and the tests required to compare the observed metric

behaviours.

2.3.1 Assumptions

To measure how well di�erent retrieval systems satisfy the information need expressed by

a user request, an evaluation metric should not only supporta rank ordering of the best-

to-worst performing systems, but it should also consider theunderlying retrieval task and

incorporate a model of the expecteduser behaviour.

In traditional IR evaluation experiments, the retrieval ta sk comprises a simulation of how

a digital library is typically used, where information residing in a static set of documents is

retrieved using a new set of topics. Since whole documents are considered as well-de�ned

retrieval units, the underlying implicit assumptions that surround this retrieval task are

relatively simple [G•overt et al., 2006]. First, the relevance of a document is assumed to

be independent on the relevance of any other document. Second, a document is considered

as a well-distinguishable and separate information unit. Last, documents are assumed to

represent units of approximately equal size. The typical user behaviour modelled by this
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<file collection="ieee" name="co/2000/r7108">

<passage start="/article[1]/bdy[1]/sec[1]/p[1]/text( )[1].123"

end="/article[1]/bdy[1]/sec[1]/p[1]/text()[2].11" si ze="408"/>

<passage start="/article[1]/bdy[1]/sec[2]/st[1]"

end="/article[1]/bdy[1]/sec[2]/p[4]/text()[1].378" s ize="2064"/>

<passage start="/article[1]/bdy[1]/sec[4]/st[1]"

end="/article[1]/bdy[1]/sec[4]/p[3]/text()[1].694" s ize="1945"/>

<passage start="/article[1]/bdy[1]/sec[6]/ip1[1]/tex t()[1].0"

end="/article[1]/bdy[1]/sec[6]/ip1[1]/text()[1].176 " size="177"/>

<passage start="/article[1]/bm[1]/app[1]/p[3]/text() [1].0"

end="/article[1]/bm[1]/app[1]/p[4]/text()[1].462" si ze="900"/>

<element path="/article[1]" E="1" size="13556" rsize="5 494"/>

<element path="/article[1]/bdy[1]" E="1" size="9797" rs ize="4594"/>

<element path="/article[1]/bdy[1]/sec[1]" E="1" size=" 1301" rsize="409"/>

<element path="/article[1]/bdy[1]/sec[1]/p[1]" E="1" s ize="531" rsize="408"/>

<element path="/article[1]/bdy[1]/sec[2]" E="1" size=" 2064" rsize="2064"/>

<element path="/article[1]/bdy[1]/sec[2]/st[1]" E="?" size="30" rsize="30"/>

[...]

<element path="/article[1]/bdy[1]/sec[2]/p[2]" E="1" s ize="738" rsize="738"/>

[...]

<element path="/article[1]/bm[1]" E="1" size="3267" rsi ze="900"/>

<element path="/article[1]/bm[1]/app[1]" E="1" size="2 085" rsize="900"/>

<element path="/article[1]/bm[1]/app[1]/p[3]" E="1" si ze="438" rsize="438"/>

[...]

</file>

Figure 2.1: A sample of relevance assessments for INEX 2005 CO+S topic 203 and docu-

ment co/2000/r7108 , containing �ve highlighted passages. For each judged element, E shows

the value for Exhaustivity (with possible values?, 1 and 2), size denotes the element size

(measured as total number of contained characters), whilersize shows the actual number of

characters highlighted as relevant by the assessor.
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task is as follows. Given a ranked list of answer documents, users start from the beginning

of the list and inspect one document at a time, until either all the documents in the list have

been inspected, or users had stopped inspecting the list since their information needs were

successfully satis�ed.

In XML retrieval, the commonly used retrieval task again simulates a digital library.

However, the di�erence from the task used in the traditional IR is that in this case elements

rather than documents represent units of retrieval, and that di�erent granularity of elements

can be presented as answers. This, in turn, in
uences the evaluation assumptions, which

need to be appropriately adapted for the XML retrieval task.

1. Relevance of an element is independent on the relevance of any other element. Cur-

rently it is not clear whether this assumption is indeed a reasonable approximation,

given that relevance of an element can hardly be viewed as independent on the relevance

of the containing document, or on the relevance of other element that either contains or

is contained by it. However, most of the current metrics follow this assumption, which

allows elements in the ranked list to be inspected independently during evaluation.

2. Elements can not be considered as well-distinguishable andseparate information units.

This is primarily because elements in an XML document are nested, which means that

the same information retrieved from an element could also beretrieved from other

(contained or containing) element. As a result, the level ofoverlapamong the retrieved

elements should be taken into account during evaluation.

3. Elements can not be assumed to represent units of equal size. Indeed, it has been

shown that sizes of elements in an XML document collection can vary widely [Kamps

et al., 2004], which may respectively in
uence the time required to inspect the element

answers. The sizes of retrieved elements, therefore, should also be considered during

evaluation.

There are many initiatives aiming at empirically determini ng models of expecteduser

behaviour in XML retrieval; most of them have been part of the two instances of the INEX

interactive track [Tombros et al., 2005a; Larsen et al., 2006a]. Although �rm user model

in XML retrieval has not yet been established, most evaluation metrics for XML retrieval

assume the linear user browsing behaviour as followed in thetraditional IR (described above).

However, while inspecting a ranked list of elements, users of an XML retrieval system could

also have an access to other structurally-related elements,or indeed could be able to inspect
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the context where the answer elements reside. The system interface usually supports this

by implementing features such as browsing, scrolling, or presenting a table of contents of

the containing document [Malik et al., 2006b]. Accordingly, the XML retrieval evaluation

metrics should not only be able to model the (observed) userbrowsingbehaviour, but should

also be able to support di�erent result presentations, since elements could either be grouped

by their containing documents or be presented individually.

In the following, we describe the evaluation metrics that are most commonly used in

IR and XML retrieval. We particularly focus on the extent to w hich each of the current

evaluation metrics for XML retrieval supports the above evaluation assumptions.

2.3.2 Metrics and measures

We de�ne an evaluation metric as a set ofmeasuresthat follow a common underlying evalua-

tion methodology. In traditional IR experiments, a binary relevance scale isoften used: a re-

trieved document is judged as either relevant or non-relevant to a query. Two well-established

measures based on these judgements are typically used for evaluation of document retrieval

e�ectiveness: Precision, which calculates the fraction of relevant documents retrieved to all

the documents retrieved for the query; andRecall, which calculates the fraction of relevant

documents retrieved to all the relevant documents found forthe query. Following the above

assumptions regarding the retrieval task and the expected user behaviour, the performance

of an IR system is measured in two distinct cases: at arank cuto� , where either precision

or recall is measured at rank position after certain number of documents are retrieved; and

overall, where precision and recall are combined to produce a singlevalue for the overall

performance of the IR system.

Let R be a ranked list of documents returned by an IR system in response to a query, and

let Nrel be the total number of documents judged to be relevant for that query. Further,

let rel r indicate the relevance of a document assigned to a rankr , such that rel r = 0 if the

document is not relevant, and rel r = 1 if the document is relevant. Examples of rank cuto�

and overall performance measures used in IR experiments include the following:

� P@r, which measures the precision at a rank cuto� r , and calculates the fraction of

retrieved documents that are relevant for a query:

P@r =

rP

i =1
rel i

r
(2.4)
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� R@r, which measures the recall at a rank cuto� r , and calculates the fraction of relevant

documents that are retrieved for a query:

R@r =

rP

i =1
rel i

Nrel
(2.5)

� R-Precision (RP) , which measures the precision after the number of documentsre-

trieved for a query equals the total number of relevant documents for that query:

RP = P@Nrel (2.6)

If the total number of relevant documents is higher than the number of documents

retrieved, then the non-retrieved documents are assumed to be non-relevant.

� Average Precision (AP), which is the average of the precisions calculated at each natural

recall level (after each relevant document is retrieved fora query):

AP =

jRjP

i =1
rel i � P@i

Nrel
=

jRjP

i =1
rel i � P@i

jRjP

i =1
rel i

�

jRjP

i =1
rel i

Nrel
=

jRjP

i =1
rel i � P@i

jRjP

i =1
rel i

� R@jRj (2.7)

A consequence of the above de�nition is that recall boundsAP . That is, an IR system

whose recall at the bottom of the ranking (R@jRj ) is x, can at best attain an AP of x.

Any of the above measures can be used to report the retrieval performance across a set of

queries, by calculating mean of the values obtained by a measure for each individual query.

For example, MAPand R-prec are overall performance measures that respectively represent

mean average precision (calculated at natural recall levels) and mean R-precision. An al-

ternative overall performance measure isiMAP, which represents interpolated mean average

precision calculated at standard 11 recall levels. The overall performance and the rank cuto�

measures for document retrieval have been implemented in the trec eval evaluation met-

ric [Voorhees and Harman, 2005]. The underlyingevaluation methodologyfollowed by the

measures in thetrec eval metric is that relevant and non-relevant documents are counted to

produce the evaluation scores. Other measures that have been recently proposed to evaluate

the e�ectiveness of document retrieval includebpref [Buckley and Voorhees, 2004], which is
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shown to be more robust than the traditional measures when incomplete and imperfect rele-

vance assessments are used for evaluation; andrank-biased precision[Mo�at and Zobel, 2006],

which is based only on precision (thus ignoring recall), incorporates a simple model of user

behaviour, and unlike traditional measures allows accurate quanti�cation of experimental

errors when using both complete and incomplete relevance assessments for evaluation.

Over the past four years INEX has been used as an arena to investigate the behaviour of

a variety of evaluation metrics for XML retrieval. Unlike in traditional IR, in XML retrieval

two relevance dimensions | each with multiple relevance grades | are used to measure the

relevance of a retrieved element to a query. To represent theextent to which the element is

relevant, current INEX metrics use quantisation functions to normalise the values obtained

from the two INEX relevance dimensions.

Quantisation functions

Table 2.4 shows six quantisation functions used in INEX since 2002. Thestrict quantisation

function is used to measure the XML retrieval performance when highly relevant elements

are the only units of retrieval, while the gen (generalised) quantisation is used to measure

performance when retrieving elements withmultiple degrees of relevance. The table also lists

E3 S321, S3 E321, and Speci�city- Oriented Generalised (SOG) quantisations [de Vries et al.,

2004a]. In INEX 2005, thegenLifted quantisation have also been used in addition togen,

which allows for di�erent treatment of the too small elements during evaluation. As discussed

previously, the too small elements represent elements whose exhaustiveness was judged to be

\ ?" by the INEX 2005 assessors. These elements were assigned a normalised relevance score

of 0 by the gen quantisation function at INEX 2005, re
ecting the fact that they should

not bring any retrieval value during evaluation. The genLifted quantisation was introduced

to lift the E values given to the too small elements. Kazai and Lalmas [2006a] performed a

correlation analysis of the results obtained with the two quantisation functions, and found

that the INEX 2005 assessors indeed had their own (di�erent) interpretations of what too

small means. This �nding has therefore justi�ed the inclusion of t he genLifted quantisation

function in INEX 2005.

All but the genLifted quantisation function can also be applied in the evaluationexper-

iments using the INEX 2002 test collection. However, a mapping between the values of two

corresponding relevance dimensions is needed since somewhat di�erent relevance de�nition

was used at INEX 2002. The four values fortopical relevancewere directly mapped to the
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Quantisation Formulation

INEX 2002, 2003 and 2004

strict f strict (e) =

8
<

:

1 if (e,s) = (3,3)

0 otherwise.

E3 S321 f E 3 S321(e) =

8
<

:

1 if e = 3, s 2 f 1; 2; 3g

0 otherwise.

S3 E321 f S3 E 321(e) =

8
<

:

1 if e 2 f 1; 2; 3g, s = 3

0 otherwise.

SOG f SOG (e) =

8
>>>>>>>>>>>>>>>><

>>>>>>>>>>>>>>>>:

1 if (e,s) = (3,3)

0:9 if (e,s) = (2,3)

0:75 if (e,s) 2 f (1; 3); (3; 2)g

0:5 if (e,s) = (2,2)

0:25 if (e,s) 2 f (1; 2); (3; 1)g

0:1 if (e,s) 2 f (2; 1); (1; 1)g

0 if (e,s) = (0,0)

gen f gen (e) =

8
>>>>>>>>><

>>>>>>>>>:

1 if (e,s) = (3,3)

0:75 if (e,s) 2 f (2; 3); (3; 2); (3; 1)g

0:5 if (e,s) 2 f (1; 3); (2; 2); (2; 1)g

0:25 if (e,s) 2 f (1; 2); (1; 1)g

0 if (e,s) = (0,0)

INEX 2005

strict f strict (e) =

8
<

:

1 if (e,s) = (2,1)

0 otherwise.

gen f gen (e) =

8
<

:

e � s if e 2 f 1; 2g; s > 0

0 otherwise.

genLifted f genLifted (e) =

8
>>><

>>>:

(e + 1) � s if e 2 f 1; 2g; s > 0

s if e = ?, s > 0

0 otherwise.

Table 2.4: Quantisation functions used in INEX since 2002. Values e and s represent values

for Exhaustivity and Speci�city that can be assigned to an element (e) to re
ect its normalised

relevance score.
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four Exhaustivity values (Rr | > Ee), while the following mappings were used between the

three nominal component coveragevalues and threeSpeci�city values: Cn | > S0, which

maps elements with no coverage to non-speci�c elements;Cl | > S1, which maps too large

elements to marginally speci�c elements; andCe | > S3, which maps elements with exact

coverage to highly speci�c elements. TheCs (too small) value for component coverage was

not mapped to any of the four Speci�city values (an element was deemed to betoo small if

it did not act as a meaningful unit of information).

The inex eval metric

For three years since 2002, theinex eval metric [G•overt and Kazai, 2003] has been used

as the o�cial INEX metric to evaluate the e�ectiveness of XML retrieval approaches. This

metric supports weak orderingof elements in the answer list [Cooper, 1968; Raghavan et al.,

1989], where one or more elements are assigned identical retrieval status values (RSVs) by an

XML retrieval system. The traditional sequential ordering of elements in the answer list is

considered as a special case of weak ordering. The main di�erence between the two orderings

is the rank assigned to a retrieved element; indeed, unlike in the case of sequential ordering,

where each retrieved element is assigned to a unique rank, inweak ordering one or more

elements | that have the same RSVs | can be assigned to an ident ical rank.

For a retrieved element, theinex eval metric computes so-calledPrecall [Raghavan et al.,

1989], which estimates the probability that the element is relevant to an INEX topic:

P(rel jret )(x) =
x � Ne

x � Ne + eslx�Ne

(2.8)

In the above equation,x is a fractional value representing an arbitrary recall point (where

0 � x � 1), Ne is the sum of the normalised relevance scores for all the relevant elements

found for an INEX topic, and eslx�Ne is the expected search length[Cooper, 1968], which

estimates the expected number of retrieved non-relevant elements until reaching the recall

point x. The following methodology is used to calculate the expected search lengtheslx�Ne .

Let a retrieved element be denoted ase, and let the set of retrieved elements that have

been assigned to an identical ranki be denoted asR(i ). The rank at which the recall level x is

achieved is denoted asr . This rank represents the lowest rank for which, when sequentially

inspecting the list of elements | starting from the highly ra nked element at the top and

moving down to the bottom | the following holds true:
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0

@
rX

i =1

X

e2R (i )

f quant (e)
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A � x � Ne

where f quant (e) represents the normalised relevance score for the elemente, obtained with a

quantisation function. The amount of relevant information that is left to be obtained from

rank r , denoted asleft(r) , is then calculated as follows:

left(r) = x � Ne �

0

@
r � 1X

i =1

X

e2R (i )

f quant (e)

1

A

The number of non-relevant elements that have been assigned an identical rank i is

denoted as non rel(i) . These are the elementse 2 R (i ) for which f quant (e) = 0. The

expected search length can then be calculated as follows:

eslx�Ne =

 
r � 1X

i =1

non rel(i)

!

+
left(r) � non rel(r)

r

To report di�erent performance values for an INEX topic, the inex eval evaluation

metric calculates Precall values P(rel jret )(x) for arbitrary recall levels (typically 100).

A linear result presentation mode is supported by the inex eval metric, where per-

formance is measured while individually inspecting each retrieved element in the list. The

group result presentation mode, where performance is measured when elements in the list are

grouped by their containing documents, is not supported. There are also two known weak-

nesses when applyinginex eval to measure the XML retrieval performance: �rst, the size of

the retrieved elements is ignored during evaluation; and second, the level of overlap | both

among the retrieved elements and among the relevant elements found in the recall-base | is

also ignored, which may result in misleading evaluation results [Kazai et al., 2004a]. In this

context, a recall-basere
ects a collection of relevant elements that serves as a ground-truth

for evaluation.

The inex eval ng metric

To address the above weaknesses, theinex eval ng metric was proposed as an alternative

evaluation metric at INEX 2003 [G•overt et al., 2003b; 2006]. Here, the two relevance di-

mensions,Exhaustivity and Speci�city , are interpreted within an ideal concept space[Wong

and Yao, 1995], and each of the two dimensions is separately considered while calculating
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recall and precision. Theinex eval ng metric does not support weak ordering of elements

in the answer list. There are two variants of this metric, which di�er depending on whether

overlap among retrieved elements is allowed or not:inex eval ng(s) , which allows overlap

among retrieved elements; andinex eval ng(o) , which penalises overlap among retrieved

elements. Unlike the inex eval metric, both ng variants directly incorporate element sizes

in their relevance de�nitions.

With inex eval ng(s) , recall and precision are calculated as follows:

Recalls =

rP

i =1
f Equant (ei )

NP

i =1
f Equant (ei )

(2.9)

P recision s =

rP

i =1
f Squant (ei ) � jei j

rP

i =1
jei j

(2.10)

In the above equations,N is the total number of relevant elements found for an INEX

topic, r represents the rank cuto� value at which performance is measured, ei and jei j re-

spectively represent the element retrieved at ranki (1 � i � r ) and its size, while f Equant (ei )

and f Squant (ei ) represent normalised element relevance scores obtained with a quantisation

function when Exhaustivity and Speci�city are separately considered. For example, with

the generalised quantisation function, normalised element relevance scores forExhaustiv-

ity and Speci�city are obtained as follows [G•overt et al., 2003b]: f Equant (ei ) = E=3 and

f Squant (ei ) = S=3.

With inex eval ng(o) , recall and precision are calculated as follows:

Recallo =

rP

i =1
f Equant (ei ) �

jei �
i � 1S

j =1
ej j

jei j

Rel
(2.11)

P recision o =

rP

i =1
f Squant (ei ) � jei �

i � 1S

j =1
ej j

rP

i =1
jei �

i � 1S

j =1
ej j

(2.12)

whereej represents an element that is a descendant ofei , which has been previously retrieved

at rank j (1 � j < i ). The Rel entity has been recently introduced in the INEX 2003



50 CHAPTER 2. XML INFORMATION RETRIEVAL

metric, such that the level of overlap among the relevant elements in the recall-base is also

considered [G•overt et al., 2006]. It is de�ned as the maximum number of \retrievable relevant

concepts" found in those non-overlapping relevant elementsthat for an INEX topic produce

the optimal ranking. Basically, with the Rel entity the number of relevant leaf elements in

the recall-base is considered in the denominator of Equation2.11.

The inex eval ng metric also supports only the linear result presentation mode, with-

out supporting the group result presentation mode (where elements are grouped by their

containing documents). Despite of its advantages overinex eval , the INEX 2003 metric

also introduces two shortcomings: �rst, it assumes that therelevant information is uniformly

distributed across the element content; and second, it treats the two relevance dimensions in

isolation by producing separate evaluation scores. The last aspect is of particular concern

in evaluation scenarios where combinations of values from the two relevance dimensions are

needed to reliably determine the preferable units of retrieval. However, Ogilvie and Lalmas

[2006] have recently compared the XML retrieval performance of the o�cially submitted

INEX 2005 runs under di�erent evaluation scenarios. They carried out extensive statistical

tests that have demonstrated that ignoring values from theExhaustivity dimension did not

have a signi�cant impact on the measured performance. This �nding suggests that producing

separate evaluation scores for each relevance dimension isnot a serious shortcoming for the

XML retrieval evaluation.

The XCGmetrics

The eXtended Cumulated Gain (XCG) metrics [Kazai and Lalmas, 2005] are used as the

o�cial INEX metrics since 2005. The XCGmetrics are extensions of the cumulated gain (CG)

metrics, initially used for document retrieval [J•arvelin and Kek•al•ainen, 2002].

The CGmetrics use a multi-graded relevance scale to determine the relevance of retrieved

documents [Kek•al•ainen and J•arvelin, 2002]. The relevance grades obtained for each retrieved

document are accumulated as the ranked listG is processed, where the document identi�ers

are replaced with ordinal values that correspond to their assigned relevance grades. The

cumulated gain at rank r , denoted asCG[r ], is simply calculated as the sum of the document

relevance grades up to and including that rank:

CG[r ] =
rX

i =1

G[i ] (2.13)

For each query, anideal gain vectorI is constructed by sorting the documents in the recall-
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base in decreasing order of their relevance grades. To measure the retrieval performance of

an IR system, the actual CG vector is compared to the idealI vector by plotting the results

obtained by both CG functions against each rank position. Two monotonically increasing

curves are observed as a result, which should level after no more relevant documents are

found. J•arvelin and Kek•al•ainen [2002] also introduce a normalised CG measure (denoted as

nCG) that produces normalised performance scores in the interval [0; 1]. They do this by

dividing the cumulated gains of the actual CG vector, obtained at each rank, with those of

the ideal I vector. With the nCG measure, the ideal retrieval performance at a rank cuto� is

achieved when the obtained normalised value is 1, whereas the area between the normalised

actual and ideal curves shows the quality of the retrieval approach (the less wide the area is,

the better the retrieval performance).

The XCGmetrics extend both the CG and the nCG metrics. Here, given a ranked list of

elements for an INEX topic, the cumulated gain at rank r , denoted asxCG[r ], is computed

as the sum of the normalised element relevance scores up to and including that rank:

xCG[r ] =
rX

i =1

rv (ei ) (2.14)

In the above equation,ei denotes an element retrieved at ranki , while rv (ei ) is a relevance

value function used to compute the normalised element relevance score. The relevance value

function takes into account the level of overlap among the retrieved elements in the answer

list, and it is explained in detail later in this section. For an INEX topic, the ideal gain

vector xCI is constructed by sorting the relevant elements in the recall-base in decreasing

order of their normalised relevance scores.

Two o�cial XCGmetrics used to measure the retrieval performance at INEX 2005 are the

following [Kazai and Lalmas, 2006a]:

1. The nxCGmetric with the nxCG[r ] measure. For a rank r , nxCG[r ] measures the

relative retrieval gain a user has accumulated up to that rank, compared to the gain

they could have accumulated if the system had produced the optimal ranking:

nxCG[r ] =
xCG[r ]
xCI [r ]

(2.15)

2. The ep/gr metric with the MAep measure. The e�ort-precision ep, calculated at a

cumulated gain level achieved at rankr (xCG[r ]), is de�ned as the amount of relative
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e�ort (measured as the number of visited ranks) a user is required to spend compared

to the e�ort they could have spent while inspecting an optimal ranking:

ep(xCG[r ]) =
r ideal

r
(2.16)

Here, r ideal is the rank at which the cumulated gain xCG[r ] is reached by the ideal

run, while r is the rank at which the same cumulated gain is reached by the system

run. An ep score of 1 re
ects an ideal performance, in which case the user spends the

minimum necessary e�ort to reach that particular cumulated gain. MAep represents

the mean average e�ort-precision, calculated by averaging the e�ort-precision scores

obtained whenever a relevant element is found in the ranked list.

The gain-recall gr, achieved at the rank r , is calculated as:

gr[r ] =
xCG[r ]
xCI [N ]

(2.17)

where N is the total number of relevant elements found for an INEX topic.

In addition to the above two measures,Qand R measures were also used at INEX 2005.

These measures mainly address an issue found fornxCG[r] of not averaging well across topics

that contain a varying number of relevant elements [Sakai, 2004].

To consider the level of overlap among the relevant elementsin the recall-base, theXCG

metrics make use of anideal recall-base. The ideal recall-base is de�ned as a set ofideal and

non-overlappingrelevant elements, selected from the full recall-base by following assumptions

about the underlying retrieval task and the expected user behaviour [Kazai et al., 2004a;

Kazai and Lalmas, 2005]. A quantisation function is chosen to represent the user model, while

a custom methodology of constructing the ideal recall-base is employed such that overlapping

relevant elements are removed from the recall-base. We explain this methodology by using the

example in Figure 2.2, which shows a document tree representation of the �rst XML document

shown in Figure 1.1. For each element shown in the �gure, values in parenthesis represent

values forExhaustivity and Speci�city assigned to that element, whereas the fractional values

show the normalised element relevance scores obtained withthe generalised quantisation

function. Given any two elements on a relevant path, the element with the higher normalised

relevance score is �rst selected. Arelevant path is a path in the document tree that starts

from the document element and ends with a relevant element that either does not contain
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abs[1] sec[1]

p[1] p[2] p[1]
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Figure 2.2: Identifying ideal elements from a recall-base obtained for the �rst XML document

shown in Figure 1.1. For each element, values in parenthesisrepresent values forExhaustiv-

ity and Speci�city assigned to that element, while the fractional values show the normalised

element relevance scores obtained with the generalised quantisation function. Four relevant

paths are shown in this document, with thearticle element (shown in the square) being

chosen as an ideal element.

other elements, or contains only irrelevant elements. For example, there are four relevant

paths shown in Figure 2.2. If two elements on a relevant path have the same relevance score,

the one deeper in the tree is chosen. This procedure is applied to each pair of elements that

belong to the relevant path until only one element remains. After processing all the relevant

paths, a �nal �ltering is applied where, of two overlapping i deal elements, the one with the

shortest path is chosen. For example, when using the generalised quantisation function,

the article element will be selected as an ideal element from the document tree shown

in Figure 2.2. However, if the article element had been judged as (3,2), with the above

methodology three elements | abs[1] , sec[1] , and sec[2] | would have been chosen as

three ideal elements.

To consider the level of overlap among the retrieved elements in the answer list, the XCG

metrics implement the following result-list dependent relevance value (rv ) function [Kazai

and Lalmas, 2005]:
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rv (ei ) =

8
>>>>><

>>>>>:

f quant (ei ) if ei is a not-yet-seen element;

(1 � � ) � f quant (ei ) if ei is a fully seen element; and

� �

mP

j =1
rv (ej )�jej j

jej j + (1 � � ) � f quant (ei ) if ei has been previously seen in part.

In the above equation, ei represents a retrieved element,f quant (ei ) is the normalised

relevance score of that element, while� is a parameter that in
uences the extent to which

the level of overlap among the retrieved elements is considered. For example, with � set to 1

(overlap=on ), the rv function returns 0 for a previously fully seen element, re
ecting the fact

that an overlapping (and thus redundant) element does not bring any retrieval value during

evaluation. Conversely, the level of overlap among the retrieved elements will be ignored

with � set to 0 (overlap=off ). In the case where an element has been previously seen in

part in the answer list (when some of its descendant elementshave been retrieved earlier in

the ranking), ej represents one of the element's relevant descendants,jej j denotes the size of

that relevant descendant, whilem shows the number of previously seen relevant descendants.

Since an ideal recall-base is also used by theXCGmetrics to determine the ideal (non-

overlapping) elements, there may be cases where the sum of the relevance values obtained

for descendants of an ideal element could exceed the relevance value obtained for the ideal

element. For example, using the recall-base shown in Figure 2.2, a system that retrieves

the three child elements of the article element may achieve a better overall score that

that achieved by a system that only retrieves the idealarticle element. To cater for this

anomaly, a dependency normalisation function is applied tothe �nal rv score of a retrieved

elementei , which ensures that | if the element ei is a descendant of an ideal element | the

following holds true:

rvnorm (ei ) = min (rv (ei ); rv (eideal ) �
X

e2 S

rv (e)) (2.18)

where S is the set of retrieved descendant elements of an ideal element, e 2 S is a retrieved

descendant element, whileeideal is the ideal element that is on the same relevant path ase.

The weak ordering of elements in the answer list is not supported by the XCGmetrics.

However, unlike the two previous metrics, both result presentation modes | linear and

grouping | are supported by the ep/gr metric. To support the group result presentation

mode, two evaluation scores are calculated byep/gr : an article-level score and an element
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level score. To calculate thearticle-level score, the recall-base is �ltered such that only

those articles that contain at least one relevant element (according to a chosen quantisation

function) remain in the recall-base. The ideal article gain vector is obtained by sorting

the set of �ltered articles by decreasing normalised relevance scores. For an INEX topic, a

list of articles is derived from a system run, and this list is then compared to the article

list of the ideal gain vector. To calculate the element-levelscore, each document cluster

containing grouped elements is examined individually during evaluation. The recall-base of

the document cluster is �rst created by considering a quantisation function and an overlap

setting. The list of elements returned for a document is thendirectly compared against the

recall-base of the document cluster, and performance scoresfor each cluster are calculated.

These scores are averaged over all clusters and then over allqueries. The above evaluation

methodology was used in theep/gr metric to calculate the article-level and element-level

scores for runs submitted in theFetchBrowse retrieval strategy of the INEX 2005 Ad-hoc

track [Kazai and Lalmas, 2006a].

Other INEX metrics

Other metrics proposed within INEX include Expected Precision-Recall with User Modelling

(EPRUM), and Tolerance to Irrelevance (T2I ). The EPRUM metric, which was also used as

an alternative evaluation metric at INEX 2005 [Piwowarski, 2006], extends the traditional

de�nitions of precision and recall and additionally modelsa variety of user behaviours.EPRUM

is unique among all the INEX metrics in that it stochasticall y de�nes the user browsing

behaviour, where a probability is assigned to an event that auser has seen any sibling,

descendant, or ancestor element of a retrieved element. Themain idea behind theT2I metric

is that an XML retrieval system should be rewarded if it retri eves the best entry point

that is \closest" to the relevant information found in the do cument [de Vries et al., 2004b].

More speci�cally, retrieval systems are rewarded if they retrieve as much relevant elements

as possible, while at the same time the amount of user e�ort wasted on reading irrelevant

information from these elements is minimised. EPRUMhas a number of parameters whose

exact estimations are yet to be determined, whileT2I has not yet been implemented, and so

we do not use these two metrics in our evaluation experimentspresented in this thesis.
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Criticism of INEX metrics

Kazai and Lalmas [2005] outline a set of requirements that a suitable metric for evaluating

XML retrieval e�ectiveness should take into account. They present an analysis that reveals

the extent to which these requirements are met by the currentINEX metrics. They conclude

that there is no single metric that meets all the requirements, but that the (o�cial INEX)

XCGmetrics seem to behave in a most intuitive way. However, as discussed previously, the

quantisation functions used by all the INEX metrics rely heavily on di�erent combinations

of relevance grades from the two INEX relevance dimensions.A criticism of the current

INEX metrics is that a reliance on these choices could resultin unreliable evaluation, mainly

because of two factors: �rst, the assessor agreement on element level is shown to be very low,

which questions the validity of the reported evaluation results [Trotman, 2005]; and second,

it is not easy to reliably predict the evaluation behaviour when changing between di�erent

quantisation functions [Ogilvie and Lalmas, 2006]. Another criticism is the lack of simplicity

in the evaluation methodologies employed by the current INEX metrics, and their slight

departure from the well-established information retrieval norms [Hiemstra and Mihajlovic,

2005].

2.3.3 Signi�cance, �delity, and reliability

To provide evidence that the observed di�erence in performance between two retrieval sys-

tems is not due to chance,statistical signi�cance tests are usually used during evaluation.

These tests demonstrate, with a certain level of con�dence,that if one system performs better

than another using a selected number of topics, the same relative system ordering will again

be observed when the performance is measured on di�erent (and previously unseen) topics.

The sign test, the Wilcoxon signed rank test, and the t-test are signi�cance tests often used

in IR experiments [Hull, 1993].

When comparing whether or not the observed di�erence in performance between two

IR systems is statistically signi�cant, the signi�cance te sts take a pair of equal-sized sets

containing the performance results for each query, and assign a con�dence value (denoted

as p-value) to the null hypothesis (that the values in the two sets are drawn from the same

population). If the p value is less than 0.05 (5%), the null hypothesis is rejected, which

indicates that the observed di�erence in performance is notdue to chance. In other words,

the system that produces higher average performance resultis said to perform signi�cantly

better than the other system. Signi�cance tests follow certain assumptions regarding the
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data on which they are used. For example, both the Wilcoxon signed-rank test and the t-test

assume that the values being tested, which in the IR case represent the performance results for

each query, respectively follow symmetrical and normal distributions. However, the per-query

performance results rarely follow either of these two distributions, and so care must be taken

when using these tests if errors in the statistical analysisare to be avoided [van Rijsbergen,

1979]. Regardless of this caution, these two tests and the signed test have been commonly

used in IR experiments. Sanderson and Zobel [2005] have recently compared the three tests,

and found that t-test produced lower error rates than sign and Wilcoxon. Accordingly, we

use t-test to evaluate the signi�cance of reported results inthis thesis. Another alternative

is the bootstrap method [Savoy, 1997], which has only recently been used in XML retrieval

experiments [Ogilvie and Lalmas, 2006].

The evaluation metrics employ a wide variety of methodologies to measure the retrieval

performance. It is therefore essential to carry out tests todetermine whether they measure

what are they intended to measure, and whether the reported evaluation results can be

trusted. Accordingly, two important tests are used to qualify the evaluation of evaluation

metrics: �delity and reliability [Voorhees, 2004]. The �delity tests show whether an evaluation

metric measures what it is intended to measure, while the reliability tests show the extent

to which the evaluation results can be trusted.

Simulated runs constructed in a controlled way are typically used to determine the�delity

of an evaluation metric [Kazai et al., 2005; G•overt et al., 2006; Piwowarski and Dupret, 2006].

In XML retrieval, these runs contain various granularity of elements in their answer lists (such

as ideal elements, full document elements, or leaf elements). A metric successfully passes the

�delity test if the obtained evaluation results demonstrat e that the best retrieval performance

is indeed achieved when using the right (and desired) answergranularity, while preserving a

reasonable relative ordering of the other simulated runs. We follow the above methodology

when presenting results of �delity tests in this thesis.

To compare whether two metrics measure the same (or similar)retrieval behaviour, a

method that investigates how di�erent are the system orderings generated by measures from

one metric compared to the system orderings generated by measures from another is often

used [G•overt et al., 2006; Kazai and Lalmas, 2006a]. Correlation coe�cients, such as Spear-

man's rho, Kendall's tau, and Pearson's product moment coe�cient, are used to measure

the extent to which the system rank orderings obtained from apair of measures correlate.

We use the Spearman correlation coe�cient in selected experiments presented in this thesis,

primarily because with the non-parametric correlation using the Spearman coe�cient, the
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data found in the pairs is not assumed to come from a normal distribution.

The reliability of an evaluation metric is often determined by a method that investigates

whether measures used in one metric are as stable as measuresused in another metric at

distinguishing between di�erent retrieval approaches. In their recent work, Mo�at and Zo-

bel [2006] pursue reliability tests that identify and compare signi�cance and error rates for

di�erent IR evaluation measures. The methodology is as follows: �rst, the complete set of

topics is divided into four di�erent subsets, which are subsequently used to pairwise compare

the submitted runs. For a pair of runs on the �rst subset of topics, a t-test is used to decide

whether the observed performance di�erence isstatistically signi�cant at the 0.05 con�dence

level. If it is, and if the same two runs have the opposite numeric ordering on any of the other

three topic subsets, anerror is recorded. The above methodology is a simpli�cation of the

methodology initially proposed by Sanderson and Zobel [2005] who observed that, when only

two topic subsets are used, the selection of topics that belong to the �rst subset in
uences

the selection of topics that are to be used in the second. Theyhave therefore evaluated two

selection strategies, referred to aswith and without replacement strategies, which allow lower

and upper bounds to be respectively determined for the observed error rates. The methodol-

ogy followed by Mo�at and Zobel usesfour instead of two topic subsets, by which the factor

of dependencewhen choosing among the topics that belong to a given subset is expected to

be greatly reduced. We also follow the methodology proposedby Mo�at and Zobel [2006] in

the experiments performing reliability tests in this thesis.

2.4 Methodology of XML element retrieval

INEX has, since its very beginning, been challenged with some methodological issues that

seem to be directly related to the very nature ofelement(as opposed todocument) retrieval.

Indeed, the following questions have been raised, for whichreasonable answers are yet to

be provided [Trotman, 2005]: Does a suitable XML document collection exist for element

retrieval? Can a sound user model be identi�ed for XML retrieval? Will users bene�t from

using structural hints, as opposed to only using plain terms, in their queries?

The fundamental issue underlying these questions relates to the user expectationsfrom

XML retrieval. Indeed, there is a growing interest among the XML retrieval research com-

munity in studying the user behaviour in the context of XML re trieval. Admittedly, a great

deal of work has been done in the �eld so far; however, the above questions are yet to be

completely addressed.
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User expectations

Among the earliest works that studies the user behaviour in XML retrieval is the work done

by Finesilver and Reid [2003], where a small-scale experimental study using the Shakespeare

XML document collection6 was designed to investigate the information-seeking behaviour

of users in the context of structured documents. They investigated two variants of the

same XML retrieval interface: one that highlighted relevant elements only; and another that

highlighted best entry points (BEPs) only. Results from the analysis of their comparative

study have revealed that users strongly preferred the BEP interface, and that BEPs could

be bene�cial for XML retrieval so long as they are appropriately used.

An interactive track was established for the �rst time in INE X 2004 to investigate the

behaviour of users when elements of XML documents (rather than whole documents) are

presented as answers [Tombros et al., 2005a]. In particular, the option of presenting ele-

ment answers in a linear fashion was one of the research activity carried out as part of the

INEX 2004 interactive track. A web-based XML retrieval system based on HyREX [G•overt

et al., 2003a] was used to search on the IEEE XML document collection. A (tentative)

conclusion drawn from the interactive user experiments wasthat users did not appreciate

overlapping elements to be returned as answers [Kim and Son,2005; Tombros et al., 2005a].

A second interactive track followed at INEX 2005, comprising three tasks and two di�erent

XML document collections [Larsen et al., 2006a]. The three tasks explored in the INEX 2005

Interactive track were as follows: Task A, where an application-based XML retrieval system

based on Da�odil [Kriewel et al., 2004] was used to search on the IEEE XML document

collection; Task B, where groups with a working interactive XML retrieval system could

test their system against the Da�odil-based system [Kamps and Sigurbj•ornsson, 2006]; and

Task C, where an alternative XML retrieval system based on Bricks [van Zwol et al., 2005] was

used to search on the Lonely Planet XML document collection.The result list presentation

used by all the tasks was chosen to be in aFetchBrowse fashion, where in response to a

content-only query, the interactive XML retrieval system re turned a list of ranked elements,

grouped by their containing documents. With the Da�odil-bas ed interface, by clicking on a

document in the answer list, users were only able to see the document's metadata (including

title, author information, and abstract), but not the entir e document content. By clicking on

an element in the answer list, a new window was opened showingthe element content along

with the table of contents where that element belongs in the document. Results from the

6Available for download at: http://www.oasis-open.org/cover/bosakShakespear e200.html
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analysis of the user behaviour have suggested that users found the document's metadata to be

very useful during retrieval, and that most of the relevant information was identi�ed to reside

in speci�c elements within documents [Larsen et al., 2006b]. The last �nding particularly

supports the belief shared among the INEX community regarding the usefulness of element

retrieval, and somewhat justi�es the ongoing e�ort invested by INEX and other activities

related to XML retrieval. A comparative study of the usabili ty of the \old" web-based

interface and the \new" application-based interface that were respectively used at the INEX

2004 and 2005 Interactive tracks has additionally revealedthat the table of contents was

appreciated by users, and that features such as query term highlighting, iconic visualisation,

and related query terms are found to be particularly useful [Malik et al., 2006b].

Several user studies, carried out within and outside INEX, have also con�rmed the use-

fulness of grouping the retrieved elements by their contained documents [Kamps and Sig-

urbj•ornsson, 2006; Kim and Son, 2006; Betsi et al., 2006]. The need for element grouping is

mainly motivated by the fact that users not only want to locat e more focussed information

within a document, but they also want to \see what the document is" [Betsi et al., 2006].

This �nding justi�es the inclusion of the FetchBrowse retrieval strategy in INEX 2005, along

with the latest INEX 2006 sub-tasks derived from this strategy. However, it also strongly

motivates the need for XML retrieval approaches that are able to �rst present the documents

in descending order of their estimated relevance scores (the fetch phase), and then to group

and present the likely relevant elements within those documents (the browsephase). Later

in this thesis we present one such approach to XML retrieval.

Structural hints

There is an ongoing debate within INEX whether structural hints in queries help increase

the XML retrieval performance. From a system-oriented point of view, structural hints seem

to have a positive e�ect on the XML retrieval performance, regardless of their interpreta-

tion [van Zwol, 2006; Sauvagnat et al., 2006a]. More speci�cally, an increase in early precision

is observed when the target element is strictly interpreted, while there is a mean average pre-

cision improvement when strictly interpreting the support elements [Sigurbj•ornsson et al.,

2005; Sigurbj•ornsson and Kamps, 2006]. However, Trotman and Lalmas [2006b] have re-

cently analysed the retrieval performances of runs submitted separately for the Thorough

and the Focussed retrieval strategies. They have respectively compared thebest performing

runs that do not use structural hints in their queries to the b est performing runs that use
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structural hints. No signi�cant di�erences in mean average precision were observed for both

retrieval strategies.7 Trotman and Lalmas [2006b] go on further and analyse the relevance as-

sessments for the CAS topics. They conclude that the above behaviour has most likely been

in
uenced by the fact that \users are very bad at giving struc tural hints". However, they

do comment that the most useful structural elements are verylikely to be more dependent

on the XML document collection than on the query. This is in li ne with a recent argument

raised by Lehtonen [2006], who takes a user-oriented point ofview while analysing the useful-

ness of structural hints. He argues that the usefulness of structural hints largely depends on

the document type de�nition (DTD) used to describe the XML do cument structure. More

speci�cally, he believes that the structural constraints are useful (and even necessary) in the

cases where the element structure also describes the element content. A notable work on

analysing the usefulness of structural hints in XML retrieval has recently been carried out

by Kamps et al. [2006]. They also follow the user-oriented point of view and create theo-

retical user models for which suitable query languages can be de�ned. Results from their

experiments that use their proposed user models have revealed two important aspects: �rst,

that the structural constraints in queries are mainly used as search hints, and are therefore

not interpreted as strict requirements by users; and second, adding structural hints has a

positive e�ect on early precision but a negative e�ect on overall recall (which highlights the

well-known inverse relationship between precision and recall). In this thesis we follow the

system-oriented point of view and also investigate the usefulness of structural hints in XML

retrieval.

Research directions

The methodological issues surrounding the �eld of XML element retrieval has recently been

investigated in a separate and open forum [Trotman and Lalmas, 2005]. The existence of

such forum is justi�ed by the fact that advances have been made that attempt to address

many methodological aspects of XML retrieval, which particularly concern the way relevance,

evaluation, and user behaviour are understood in XML retrieval. The forum also makes it

possible for new ideas to emerge that may de�ne future research directions in INEX and

the �eld of XML retrieval. For example, Kamps and Larsen [2006] have recently set to

understand the di�erences between search requests in XML retrieval. To this end, they have

7 It should be noted that performance measures at rank cuto�s that could be u sed to investigate possible

improvements in early precision were not used in this analysis.
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analysed responses gathered from the questionnaires used during the topic creation process

at INEX 2006. They found a great variety of responses, which in turn suggests that there is a

great variety of user expectationsfrom XML retrieval. Their results have also indicated that,

given that most of the proposed topics re
ected real-life tasks and that queries used were very

similar to the short Web queries, INEX topic authors behave more like real-life users than

(for example) TREC topic authors might behave. Although to some extent this behaviour

may have certainly been in
uenced by the deployment of the Wikipedia document collection

in the topic creation process, it was nevertheless expectedthat the �ndings obtained from

their study could have a positive impact on addressing some of the methodological issues in

XML retrieval.

Trotman and Geva [2006] have also recently set to discover whether and to what ex-

tent element retrieval should be supported by the XML retrieval research community. They

present an in-depth analysis of the evidence gathered from related studies in the �eld which

reveals that, contrary to the popular belief, passageretrieval is supported better than element

retrieval. They partly support this claim with a recent �ndi ng by Piwowarski et al. [2006],

which revealed that the assessor agreement was much higher when mutually identifying rel-

evant passages than when mutually identifying relevant elements. Trotman and Geva [2006]

go on even further to examine future user tasks for passage retrieval, and provide recom-

mendations on how the existing INEX element retrieval taskscould be converted to passage

retrieval tasks. With this transition process, the problem of automatically identifying the

so-called too small elements will no longer become an issue during evaluation [Kazai and

Lalmas, 2006a; Ogilvie and Lalmas, 2006]. Moreover, under passage retrieval the need of

constructing the \ideal recall-base" to cater for the overlap problem in XML retrieval evalu-

ation [Kazai et al., 2004a] is also expected to disappear. This is because the total amount of

relevant information in the recall-base will correspond to the information contained by the

non-overlapping relevant passages, instead of corresponding to the information contained by

the overlapping relevant elements. However, these �ndingsimply that the current evaluation

metrics for XML retrieval need to also be adapted to support passage retrieval. Later in this

thesis we propose and evaluate one such metric for XML retrieval.

2.5 Summary

In this chapter we presented an overview of the current state-of-the-art in XML information

retrieval. Information needs are �rst conceived by users, and can be expressed using di�erent
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XML query languages. Existing approaches to XML retrieval, such as the full-text infor-

mation retrieval approach and the native XML database approach, can utilise these query

languages to score elements, identify the appropriate element granularity, and control over-

lap in XML retrieval. Three INEX relevance de�nitions have b een used since 2002. These

relevance de�nitions were respectively implemented by thecurrent INEX evaluation metrics

to evaluate XML retrieval e�ectiveness. The underlying evaluation methodologies in the

INEX metrics were analysed, which are based on common assumptions about the retrieval

task and the expected user behaviour. Metric tests are used to check �delity, reliability, and

signi�cance of the reported evaluation results. Findings from various research contributions

were also analysed, where many of the methodological issuessurrounding the �eld of XML

element retrieval were appropriately discussed.

In the next chapter, we present and evaluate the performanceof a hybrid approach to

XML retrieval that combines text information retrieval fea tures with XML-speci�c retrieval

features found in a native XML database.
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Chapter 3

Hybrid XML Retrieval

There are various approaches to XML retrieval; most approaches either extend full-text

information retrieval (IR) systems to handle XML retrieval , or use database technologies

that incorporate existing XML standards (such as XPath, XSL or XQuery) to handle both

XML presentation and retrieval. In this chapter, we present a hybrid approach to XML

retrieval that combines full-text IR features with XML-speci �c features found in a native

XML database.

There are at least two aspects, a technological aspect and a retrieval modelling aspect,

that need to be considered with the hybrid XML retrieval appr oach. In Section 3.1 we

present the technological aspects of the hybrid approach. We describe Zettair1 | a compact

and fast full-text search engine designed and written by the Search Engine Group at RMIT

University | as our choice for a full-text IR system, followed by the description of eXist2 |

an open-source native XML database designed and developed byMeier [2003] | as our

choice for a native XML database. We then describe ourhybrid approach to XML retrieval

that utilises the best retrieval features from these two systems. In Section 3.2 we present

the retrieval modelling aspects of the hybrid approach. We explore a range of methods that

dynamically identify the appropriate level of answer granularity and rank the �nal answers.

We also describe the process of tuning the retrieval parameters of the hybrid approach for

optimal performance. In Section 3.3 we present results of our extensive experiments on the

Content Only (CO) and Content And Structure (CAS) topics of t he INEX 2003 and 2004

test collections, and compare the retrieval e�ectiveness of the proposed hybrid approach to

those achieved by the other two approaches.

1http://www.seg.rmit.edu.au/zettair/
2http://exist-db.org/

65
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<inex_topic topic_id="99" query_type="CO" ct_no="29">

<title> perl features </title>

<description>

Looking for perl features that distinguishes it from other l anguages.

</description>

<narrative>

To be relevant a document/component must contain informati on about perl

features. Comparison of perl with other programming langua ges will be

marked relevant. Not interested in minute details of langua ges like syntax etc.

</narrative>

<keywords>

perl, programming languages

</keywords>

</inex_topic>

Figure 3.1: INEX 2003 CO Topic 99.

3.1 Technological aspects

In this section we present the technological aspects of the hybrid XML retrieval approach.

We �rst describe the two retrieval approaches (the full-text IR and the native XML database)

and show how they can be directly applied to XML retrieval. We then describe our hybrid

approach to XML retrieval that combines retrieval features from these two approaches.

3.1.1 A full-text information retrieval approach

With the full-text IR approach using Zettair, the XML documen t collection is �rst indexed

using an e�cient inverted index structure [Witten et al., 19 99]. A topic translation module

automatically translates terms appearing in the title part of each INEX topic into a Zettair

query. Figure 3.1 shows the INEX 2003 CO topic 99, which is used as a topic (query)

example throughout this chapter. The resulting answer list for a topic comprises at most

1 500article elements, ranked in descending order of their estimated likelihood of relevance

to the underlying information need. The full-text IR approac h is illustrated with the dashed

line in Figure 3.2.
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Figure 3.2: Three approaches to XML retrieval: a full-text information retrieval approach

(dashed line), a native XML database approach (dotted line),and a hybrid XML retrieval

approach (solid line).

To retrieve and rank documents estimated asrelevant to an INEX topic, a measure of

similarity of a document to a query is used by Zettair. This measure assigns a numeric score to

each document, indicating how closely it matches the query.Zettair supports three similarity

measures that respectively implement the three major IR models: thevector-space model, the

probabilistic model, and the language model [Baeza-Yates and Ribeiro-Neto, 1999; Croft and

La�erty, 2003]. More speci�cally, the pivoted document len gth normalisation [Singhal et al.,

1996] in Zettair calculates the query-document similarity under the vector-space model (we

refer to this as PCosine). The PCosine similarity measure is calculated using Equation 2.1 in

Section 2.1. The Okapi BM25 similarity measure, developed by Sparck Jones, Walker, and



68 CHAPTER 3. HYBRID XML RETRIEVAL

Robertson [2000], is used in Zettair to calculate the query-document similarity under the

probabilistic model (we refer to this as Okapi). The Okapi similarity measure is calculated

using Equation 2.2 in Section 2.1. To calculate the query-document similarity under the

language model, Zettair uses a query likelihood approach with Dirichlet smoothing [Zhai

and La�erty, 2004] (we refer to this as Dirichlet ). The Dirichlet similarity measure is

calculated using Equation 2.3 in Section 2.1.

An issue with Zettair when directly applied to XML retrieval is that, in its current

implementation, only whole documents (article elements) are indexed and retrieved, and

elements within a document can be neither indexed nor retrieved.

3.1.2 A native XML database approach

With this approach, the XML document collection is �rst inde xed by eXist | a native XML

database. A topic translation module is used to automatically translate both the content

and the structural conditions appearing in the title part of each INEX topic into an eXist

query. Depending on the topic type, we treat the structural query conditions as either strict

or vague, and we use the eXist OR query operator (denoted as|= ) to ensure that each answer

element containsat least one of the terms (or phrases) appearing in thetitle part of the

topic. The resulting answer list of matching elements for a topic contains at most 1 500

matching (leaf) elements, grouped by their containing document and presented in document

order. As an example, Table 3.1 shows the eXist OR answer listof matching elements found

for document ic/1999/w4095 using INEX CO topic 99. The native XML database approach

is illustrated with the dotted line in Figure 3.2, where the r esulting answer list is denoted as

eXist answers (matching elements).

Despite its advanced features relating to storage and manipulation of XML documents |

such as e�cient index-based XQuery processing, automatic indexing, and XUpdate sup-

port [Meier, 2003] | we observe two issues when eXist is directly applied to XML retrieval.

1. The matching elements in the �nal answer list are grouped by document (article )

and presented in document order. These documents are sortedby increasing document

identi�ers, re
ecting the order in which they are stored in t he database. For many

INEX topics, the �nal answer list typically contains very ma ny irrelevant elements as

well as some relevant elements, which are grouped by documents that could appear

anywhere in the answer list. Accordingly, identifying documents that contain likely

relevant elements early in the retrieval process is not supported.
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Document Matching element

ic/1999/w4095 /article[1]/bdy[1]/sec[2]/ss1[1]/ip1[1 ]

ic/1999/w4095 /article[1]/bdy[1]/sec[2]/ss1[1]/p[1]

ic/1999/w4095 /article[1]/bdy[1]/sec[2]/ss1[2]/p[1]

ic/1999/w4095 /article[1]/bdy[1]/sec[2]/ss1[3]/ip1[1 ]

ic/1999/w4095 /article[1]/bdy[1]/sec[4]/ip1[1]

ic/1999/w4095 /article[1]/bdy[1]/sec[4]/p[1]

ic/1999/w4095 /article[1]/bdy[1]/sec[4]/p[2]

ic/1999/w4095 /article[1]/bdy[1]/sec[4]/p[3]

ic/1999/w4095 /article[1]/bm[1]/app[1]/sec[1]/ip1[1]

ic/1999/w4095 /article[1]/bm[1]/app[1]/sec[2]/p[1]

ic/1999/w4095 /article[1]/bm[1]/app[1]/sec[2]/p[2]

Table 3.1: eXist list of matching elements obtained for thetitle query of the INEX 2003

CO topic 99 and documentic/1999/w4095 .

2. The matching elements that belong to a particular document in eXist's answer list rep-

resent leaf elements that satisfy both the content and the structural query conditions.

However, ranking of matching elements is not supported, and there is no supporting

information about the likelihood of relevance for all the ancestor elements that contain

(one or more of) the matching elements in the list.

3.1.3 A hybrid approach to XML retrieval

To utilise the best retrieval features from Zettair and eXist, we develop ahybrid XML retrieval

approach that combines text IR features with XML-speci�c ret rieval features.

First, we use a topic translation module to automatically tr anslate the INEX topic into

two queries to be used by Zettair and eXist, respectively. Second, we use Zettair to retrieve up

to 500 documents estimated as relevant to the underlying information need.3 The documents

are ranked by decreasing likelihood of relevance. Last, we process this ranked document list

by taking one document at a time, starting from the highest ranked document. For each

3We retrieve (up to) 500 rather than 1 500 documents because roughly that nu mber of documents is used

by INEX to generate the pool of retrieved documents for relevance assessments [Piwowarski and Lalmas,

2004].
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document, we use the OR query with eXist to produce its matching elements. The resulting

answer list for an INEX topic consists of (at most) 1 500 matching elements, taken from

answer lists that belong to documents that appearhighest in the ranked list of documents

returned by Zettair. The hybrid XML retrieval approach is il lustrated with the solid line

in Figure 3.2. In the same �gure, the resulting answer list is denoted asHybrid answers

(matching elements).

The hybrid XML retrieval approach addresses the �rst retrie val issue observed with the

native XML database approach. However, since our hybrid XML retrieval system uses eX-

ist to produce its �nal answer list, the second issue still remains open: is there a way of

determining which answer elements represent the most appropriate units of retrieval? In the

next section, we explore this issue as part of the retrieval modelling aspects of our hybrid

approach.

3.2 Retrieval modelling aspects

In this section we present the retrieval modelling aspects of the hybrid XML retrieval app-

roach. We explore a range of methods that dynamically identify the appropriate level of

answer granularity and rank the �nal answers. We also use theINEX 2002 test collection to

tune the retrieval parameters of the hybrid approach for optimal performance.

3.2.1 Identifying the appropriate answer granularity

To e�ectively utilise the information contained in the list of matching elements returned by

eXist, we use a retrieval module capable of identifying the appropriate granularity of elements

to return as answers. Our retrieval module is a post-processing module, which means it can

equally be applied to both the native XML database and the hybrid XML retrieval approach.

In Figure 3.2, our retrieval module is denoted asCRE module, while the two answer lists are

denoted as Hybrid answers (Ranked CRE elements) and eXist answers (Ranked CRE

elements), respectively.

Two distinct cases can be distinguished for a list of matching elements returned by eXist:

a �rst case where the list containsexactly onematching element per document, and a second

case where it containstwo or more matching elements per document. Within the list of

matching elements returned by eXist, we de�ne aCoherent Retrieval Element (CRE) as an

element that either represents the matching element (for the �rst case), or represents the

lowest common ancestor(LCA) of at least two matching elements (for the second case).
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To identify the CREs for the second case, we use the followingmethodology. We sequen-

tially process the list of matching elements by consideringevery pair of elements, starting

from the �rst element down to the element preceding the last element in the list. For each

pair of matching elements, their LCA is chosen to represent an answer element (a CRE). We

refer to these answer elements asoCREelements.

The rationale behind choosingoCREelements as answers stems from the expectation that

these elements are likely to provide better context for the contained textual information

than that provided by each of their contained (matching) elements. However, di�erent topics

typically express diverse information needs, resulting inrelevant answers that often represent

very speci�c elements [Hatano et al., 2004]. Therefore, an issue in only presenting theoCRE

elements as answers is that in most cases the matching (and thus very speci�c) elements are

not included in the �nal answer list. To address this issue, our retrieval module supports a

second, alternative method for identifying the CREs. The di�erence from the oCREalgorithm

is that, after sequentially processing all the pairs of matching elements, those matching

elements whoseimmediate parentshave not been identi�ed as CREs are additionally included

in the �nal list of answers. The rationale behind this choice is that we expect the newly

included matching elements to allow for more focussed retrieval. We refer to these answer

elements asnCREelements.

When the eXist answer list contains only one matching element, both the oCREand nCRE

algorithms produce the same result: the matching element. In this case there is no supporting

evidence for the ancestors of the matching element to be identi�ed as CREs.

Figure 3.3 shows a tree representation of the eXist list of matching elements that are

also listed in Table 3.1. The matching elements appear within the triangle boxes, the oCRE

elements appear within the solid square boxes, while thenCREelements appear within dashed

square boxes. The �gure also shows elements that are neithermatching elements nor CREs.

Choosing among the two answer granularity algorithms is the�rst parameter in our CRE

retrieval module. Indeed, usingoCREas a parameter value results in presenting only the LCA

elements as answers, whereas thenCREvalue allows more speci�c elements to be presented

in addition to the LCA elements. We now describe a second retrieval parameter that enables

a ranked list of CREs to be presented by our module.
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Matching elements

nCRE elements

app[1]

oCRE elements

sec[2]

p[3]ip1[1] p[1]

sec[4]

p[2]

bdy[1]

ss1[1] ss1[2] ss1[3] sec[1] sec[2]

p[2]p[1]p[1] ip1[1]ip1[1] p[1] ip1[1]

bm[1]

article[1]

Figure 3.3: Identifying matching, oCRE, and nCRE retrieval elements for document

ic/1999/w4095 using the INEX 2003 CO topic 99.

3.2.2 Ranking the �nal answers

Once the appropriate level of answer granularity is identi�ed by our CRE module, we use a

combination of the following XML-speci�c heuristics to rank and present the CREs according

to their estimated likelihood of relevance:

1. The number of matching elements contained by a CRE | more contained matches (M)

or fewer contained matches (m);

2. The XPath length of the CRE absolute path, taken from the document root | longer

path (P) or shorter path (p); and

3. The ordering of the XPath sequence in the CRE absolute path| nearer to beginning

(B) or nearer to end (E).

There are eight distinct combinations of ranking heuristics that can be explored in order

to determine the �nal rank of a CRE, provided the ordering of t he heuristics is preserved as

above. However, we also expect that a reordering of the aboveheuristics could determine

di�erent CRE ranks. We therefore analyse all possible CRE heuristic combinations (16 in

total, since we use the third heuristic to break the ties by always applying it at the end).

For example, to produce less speci�c answer elements early in the ranking, the MpEranking

heuristic combination could be used in our CRE module. It is interpreted as follows. First,



3.2. RETRIEVAL MODELLING ASPECTS 73

Document Answer element M-contained p-length E-sequence

ic/1999/w4095 /article[1] 11 1 1

ic/1999/w4095 /article[1]/bdy[1] 8 2 1-1

ic/1999/w4095 /article[1]/bdy[1]/sec[4] 4 3 1-1-4

ic/1999/w4095 /article[1]/bdy[1]/sec[2] 4 3 1-1-2

ic/1999/w4095 /article[1]/bm[1]/app[1] 3 3 1-1-1

ic/1999/w4095 /article[1]/bdy[1]/sec[2]/ss1[1] 2 4 1-1-2-1

ic/1999/w4095 /article[1]/bm[1]/app[1]/sec[2] 2 4 1-1-1-2

ic/1999/w4095 /article[1]/bdy[1]/sec[2]/ss1[3]/ip1[1 ] 1 5 1-1-2-3-1

ic/1999/w4095 /article[1]/bdy[1]/sec[2]/ss1[2]/p[1] 1 5 1-1-2-2-1

ic/1999/w4095 /article[1]/bm[1]/app[1]/sec[1]/ip1[1] 1 5 1-1-1-1-1

Table 3.2: Ranked list of CREs for INEX 2003 CO topic 99, obtained with MpEranking

heuristic. The oCREalgorithm is used in the CRE module to identify the �nal answers. Rows

in italics represent elements that would have been added if the nCREalgorithm had been used.

the CREs are sorted in a descending order according to the number of matching elements

contained by a CRE (the more matching elements the CRE contains, the higher its rank).

Next, if two CREs contain the same number of matching elements, the one with the shorter

XPath length is ranked higher. Last, if it also happens that these two CREs have the same

length, the XPath ordering sequence determines their �nal ranks. For example, suppose that

two elements,/article[1]/bdy[1]/sec[2] and /article[1]/bdy[1]/sec[4] , contain the

same number of matching elements. Given that the XPath length (the tree depth level) of

these two elements is the same (three), the ties are broken with the last heuristic. In this

case, the valueE ensures thatsec[4] is ranked higher than sec[2] (since its XPath ordering

sequence, 1-1-4, shows that it is nearer to end); however, if the valueBhad been used instead,

the ordering of the two elements would have been reversed.

After applying the MpEranking heuristic on the CRE answers shown in Figure 3.3, we

produce the ranked list of CREs as presented in Table 3.2. Thetable shows that with MpE,

less speci�c CREs are preferred over more speci�c ones. To produce more speci�c CREs early

in the ranking, other ranking heuristic combinations could be used in our retrieval module.

For example, Table 3.3 shows the same list of CRE answers as shown in Table 3.2, except that

in this case the CREs are ranked with thePMEranking heuristic. The PMEranking heuristic

is interpreted as follows. First, the CREs are sorted in a descending order according to the
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Document Answer element P-length M-contained E-sequence

ic/1999/w4095 /article[1]/bdy[1]/sec[2]/ss1[3]/ip1[1 ] 5 1 1-1-2-3-1

ic/1999/w4095 /article[1]/bdy[1]/sec[2]/ss1[2]/p[1] 5 1 1-1-2-2-1

ic/1999/w4095 /article[1]/bm[1]/app[1]/sec[1]/ip1[1] 5 1 1-1-1-1-1

ic/1999/w4095 /article[1]/bdy[1]/sec[2]/ss1[1] 4 2 1-1-2-1

ic/1999/w4095 /article[1]/bm[1]/app[1]/sec[2] 4 2 1-1-1-2

ic/1999/w4095 /article[1]/bdy[1]/sec[4] 3 4 1-1-4

ic/1999/w4095 /article[1]/bdy[1]/sec[2] 3 4 1-1-2

ic/1999/w4095 /article[1]/bm[1]/app[1] 3 3 1-1-1

ic/1999/w4095 /article[1]/bdy[1] 2 8 1-1

ic/1999/w4095 /article[1] 1 11 1

Table 3.3: Ranked list of CREs for INEX 2003 CO topic 99, obtained with the PMEranking

heuristic. The oCREalgorithm is used in the CRE module to identify the �nal answers. Rows

in italics represent elements that would have been added if the nCREalgorithm had been used.

XPath length of the CRE (the longer the length, the higher the rank). Next, if two CREs

have the same length, the one that contains more matching elements is ranked higher. Last,

if it also happens that the two CREs contain the same number ofmatching elements, the

XPath ordering sequence determines their �nal ranks.

Choosing among di�erent combinations of ranking heuristics is the second parameter in

our CRE retrieval module. Indeed, the value for this retrieval parameter can be optimised

such that the best performance is achieved under a particular XML retrieval task. Next,

we use the INEX 2002 test collection to �nd the optimal retrieval parameters for our CRE

module.

3.2.3 Tuning the retrieval parameters

In this subsection, we present experiments on the INEX 2002 test collection with the aim

of �nding the optimal retrieval parameters for the hybrid XM L retrieval approach. For

document retrieval, we separately analyse the parameter values used by the three similarity

measures in Zettair. For element retrieval, we analyse the two choices for determining the

appropriate level of answer granularity, and the range of CRE heuristic combinations for

ranking the �nal element answers.

There are 30 INEX 2002 CO topics, with topic numbers between 31 and 60. No relevance
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Okapi (k1=1.95, b=0.35, k3=inf.)
Dirichlet (mu=14200)

Figure 3.4: Tuning retrieval parameters in three Zettair similarity measures using CO topics

of the INEX 2002 test collection. The MAPvalues are calculated using strict quantisation in

inex eval .

assessments are provided for six topics: 35, 54, 55, 56, 57, and 59, and so a total of 24

INEX 2002 CO topics are used in these experiments. We report values obtained with the

standard Mean Average Precision (MAP) measure in theinex_eval evaluation metric [G•overt

and Kazai, 2003], using the strict quantisation function and at most 100 element answers

for an INEX 2002 topic. The inex_eval evaluation metric is described in detail in Chap-

ter 2 (Subsection 2.3.2). We also use at-test to check whether the observed di�erence in

performance between a pair of runs is statistically signi�cant (p < 0:05).

Similarity measures

To identify the optimal slope parameter for the pivoted document length normalisation in

Zettair, we trained this similarity measure on the CO topics of the INEX 2002 test collection.

The graph in Figure 3.4 shows the results of the training process. We observe that a value

of 0.20 for the slope parameter yields the highestMAPvalue (0.0608).

Zettair uses the following (default) values for the threeOkapi parameters: 1.2 fork1, 0.75

for b, and a very large number (10 000 000) fork3, since these values are shown to work well

on di�erent test collections [Robertson and Walker, 1999; Robertson et al., 2000]. However,
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Mp MP mp mP Pm PM pm pM

oCREanswers

B 0.0392 0.0391 0.0136 0.0135 0.0140 0.0149 0.0314 0.0373

E 0.0393 0.0392 0.0136 0.0135 0.0141 0.0150 0.0314 0.0374

nCREanswers

B 0.0341 0.0337 0.0071 0.0067 0.0068 0.0068 0.0264 0.0321

E 0.0342 0.0338 0.0080 0.0070 0.0070 0.0068 0.0265 0.0322

Table 3.4: Performance results for INEX 2002 runs using 16 CREranking heuristics and

two types of answer elements (oCREand nCRE), obtained with MAPusing strict quantisation

in inex eval . Best results under each answer type are shown in bold.

these values were far from optimal on the CO topics of the INEX2002 test collection. Indeed,

with k3 set to 10 000 000, we have experimented with 20 values fork1 (in the range between

1.0 and 2.0), and for a �xed k1 value, we measured Zettair's performance when 20 values for

parameter b (in the range between 0.0 and 1.0) were also considered. We found that 1.95

for k1 and 0.35 for b were the optimal Okapi parameter values for the INEX 2002 CO test

collection. Figure 3.4 shows the bestMAPvalue (0.0467) obtained when using the optimal

values in the Okapi similarity measure with Zettair.

Zettair uses the default value of 2 000 for� , which is shown to be the optimal value for the

Dirichlet smoothing parameter for most test collections [Zhai and La�erty, 2004]. As with

Okapi, this value was far from optimal on the CO topics of the INEX 2002 test collection.

We trained the Dirichlet smoothing parameter by considering 100 values for� (in the range

between 200 and 20 000), and found that the� value of 14 200 was the optimal value for the

Dirichlet parameter for the INEX 2002 CO test collection. Figure 3.4 also shows theMAP

value (0.0606) obtained with the optimal Dirichlet parameter in Zettair.

The evaluation results presented in Figure 3.4 show that thepivoted document length

normalisation overall seems to work best for document retrieval on the CO topics of the

INEX 2002 test collection. Accordingly, we use thePCosine measure (with a slope parameter

value of 0.20) as a default similarity measure for all the subsequent evaluation experiments

involving Zettair.
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Ranking Heuristic

Quantisation MpE mpE PME pME

oCRE nCRE oCRE nCRE oCRE nCRE oCRE nCRE

strict 0.0393 0.0342 0.0136 0.0080 0.0150 0.0068 0.0374 0.0322

E3 S321 0.0492 0.0373 0.0250 0.0125 0.0260 0.0121 0.0479 0.0358

S3 E321 0.0285 0.0248 0.0145 0.0096 0.0151 0.0091 0.0278 0.0240

SOG 0.0235 0.0188 0.0156 0.0102 0.0160 0.0097 0.0230 0.0182

gen 0.0292 0.0215 0.0223 0.0135 0.0224 0.0135 0.0290 0.0212

Table 3.5: Performance results for INEX 2002 runs using di�erent combinations of ranking

heuristics and answer elements, obtained withMAPusing �ve quantisations in inex eval .

Best results for each quantisation function are shown in bold.

Answer granularity and ranking heuristics

We now use the CO topics and the INEX 2002 test collection to �nd the optimal values for

the two element retrieval parameters used by our CRE module.The �rst parameter uses one

of the two algorithms to choose the appropriate level of answer granularity, while the second

uses one of the 16 di�erent combinations of ranking heuristics.

Table 3.4 shows the impact of di�erent ranking heuristic combinations on the overall

retrieval e�ectiveness of the hybrid approach on the INEX 2002 CO test collection. The trend

in these results is clear: �rst, for a �xed ranking heuristic combination, the oCREalgorithm

works better than nCREin identifying relevant answers; and second, the best e�ectiveness on

the INEX 2002 CO test collection is achieved with theMpEranking heuristic combination.

To provide a better insight into the XML retrieval behaviour when di�erent combinations

of an answer granularity algorithm and a ranking heuristic are used in our retrieval module,

we further evaluate the retrieval e�ectiveness of our hybrid XML retrieval approach when

other quantisation functions | such as exhaustivity-orient ed E3 S321, speci�city-oriented

S3 E321, SOG, and gen [de Vries et al., 2004a] | are used in addition to the strict qu anti-

sation with the inex eval metric. These quantisations are explained in detail in Chapter 2

(Subsection 2.3.2). Table 3.5 shows the performance results when using �ve quantisation

functions. We again observe that, for a �xed ranking heuristic, better performance scores

are achieved when using theoCRErather than when using the nCREalgorithm for present-

ing the �nal answers. This �nding suggests that the lowest common ancestorelements are
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Figure 3.5: Performance results for INEX 2002 runs usingMpEranking heuristic and eight

distinct cases of retrieved elements per document, obtained with MAPusing strict quantisation

in inex eval . The oCREalgorithm is used in the CRE module to identify the �nal answers.

preferred choice for element answer granularity under the INEX 2002 CO test collection. It

is somewhat surprising, however, that theMpEranking heuristic works best under each of

the �ve quantisation functions. Since with MpEless speci�c answers are ranked higher than

more speci�c answers, this indicates that | under the INEX 20 02 CO test collection | �nd-

ing large-sized XML elements as relevant information units is an e�ective retrieval strategy.

This is in line with results from previous experiments performed on the INEX 2002 test

collection [Kamps et al., 2003]. Accordingly, unless explicitly stated, we use oCREand MpE

as default values for the two retrieval parameters in our CREmodule for all the subsequent

evaluation experiments involving our hybrid XML retrieval approach.

The MAPvalues shown in Tables 3.4 and 3.5 are calculated when all theelement answers

per document are considered. With strict quantisation in inex eval , the best MAPvalue

obtained with our hybrid approach is 0.0393, which is lower that the MAPvalue obtained

with Zettair (0.0608). The observed di�erence in performance between Zettair and our best

hybrid run is however not statistically signi�cant. To impr ove the performance of our hybrid

approach, we have experimented with a third retrieval parameter in our CRE module (n),

which controls the number of retrieved elements per document (we used the followingn values:
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1, 2, 3, 5, 10, 20, 50, and 100). Figure 3.5 shows thatn = 2 is the optimal parameter value for

our hybrid approach when using theoCREanswers and theMpEranking heuristic. With strict

quantisation in inex eval , the MAPvalue obtained with our hybrid XML retrieval approach on

the INEX 2002 CO test collection is 0.0685, which is a 13% relative performance improvement

over the MAPvalue of Zettair. This improvement is also not statistically signi�cant. However,

we have observed a signi�cant improvement when comparing the performance of the hybrid

run that presents two elements per document with the performance of the hybrid run where

all elements per document are presented. Accordingly, in our subsequent experiments on

the INEX 2003 and 2004 test collections, we test di�erent values for the parameter n in

conjunction with the optimal values for the other two parameters used by our CRE module.

3.3 Experiments on INEX 2003 and 2004 test collections

In this section, we evaluate the e�ectiveness of the three approaches to XML retrieval on the

INEX 2003 and 2004 test collections. Under both test collections, we separately evaluate the

e�ectiveness of the XML retrieval approaches against the two types of retrieval topics: the

Content-Only (CO) topics, and the Content-And-Structure (CAS ) topics. We start with a

description of the evaluation methodology used in our experiments.

3.3.1 Evaluation methodology

In this subsection we describe our retrieval runs, the di�erent tasks under which performance

is measured, and the evaluation metric used to measure the XML retrieval performance.

Runs

Table 3.6 lists our INEX 2003 and 2004 CO and CAS retrieval runs. The runs di�er according

to the retrieval approach, the type of answer elements, and the ranking heuristic combination

used. Some CO runs allow overlap among the answer elements, whereas others do not. To

�lter overlap, we use a list �ltering approach where elements are removed if they either contain

or are contained by any other element residing higher in the ranked list. Overlap among the

answer elements is allowed for all CAS runs (exceptZettair , which only contains non-

overlapping article elements). The CAS runs also di�er depending on their interpretation

of the target and support elements in the CAS topics. Di�erent CAS interpretations were

used at INEX 2003 and 2004: aSCASinterpretation, which was used at INEX 2003 and allows

for a strict interpretation of the target element [Fuhr et al ., 2004]; and aVCASinterpretation,
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Topic Retrieval Answer Ranking Overlap

Run ID Type Interpretation Approach Elements Heuristic Allowed

INEX 2003and 2004 CO runs

Zettair CO CO full-text IR article | No

eXist CO CO native XML matching | No

e-oCRE-MpE CO CO native XML oCRE MpE Yes

Hybrid CO CO hybrid matching | No

H-oCRE-MpE CO CO hybrid oCRE MpE Yes

H-oCRE-MpE-NO CO CO hybrid oCRE MpE No

H-oCRE-PME CO CO hybrid oCRE PME Yes

H-oCRE-PME-NO CO CO hybrid oCRE PME No

INEX 2003and 2004 CAS runs

Zettair CAS VV full-text IR article | No

eXist-SS CAS SS native XML matching | Yes

e-SS-oCRE-MpE CAS SS native XML oCRE MpE Yes

Hybrid-SS CAS SS hybrid matching | Yes

H-SS-oCRE-MpE CAS SS hybrid oCRE MpE Yes

H-VV-oCRE-MpE CAS VV hybrid oCRE MpE Yes

H-VV-oCRE-PME CAS VV hybrid oCRE PME Yes

H-VS-oCRE-MpE CAS VS hybrid oCRE MpE Yes

H-VS-oCRE-PME CAS VS hybrid oCRE PME Yes

Table 3.6: List of INEX 2003 and 2004 CO and CAS runs.

which was used at INEX 2004 and allows for a vague target element interpretation [Malik

et al., 2005]. However, none of these interpretations consider how the support elements of

the CAS topic should be interpreted. To represent the INEX 2003 and 2004 interpretations

of the target element, and to additionally allow for di�eren t interpretations of the support

elements, our runs use the following notations:SS, which represents a strict interpretation

of both the target (the �rst letter) and the support (the seco nd letter) elements; VS, where

the target element is taken to be vague, but the support elements are strictly interpreted;

and VV, where both the target and the support elements are taken to be vague. We did not

investigate the SVinterpretation with our INEX 2003 and 2004 runs.
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<file file="ic/2000/w4036">

<path path="/article[1]" E="3" S="3"/>

<path path="/article[1]/bdy[1]" E="3" S="3"/>

<path path="/article[1]/bdy[1]/sec[2]" E="3" S="3"/>

<path path="/article[1]/bdy[1]/sec[2]/ip1[1]" E="3" S= "3"/>

<path path="/article[1]/bdy[1]/sec[2]/ss1[1]" E="3" S= "3"/>

<path path="/article[1]/bdy[1]/sec[2]/ss1[2]" E="3" S= "3"/>

<path path="/article[1]/bdy[1]/sec[3]" E="3" S="3"/>

<path path="/article[1]/bdy[1]/sec[3]/ss1[1]" E="3" S= "3"/>

</file>

Figure 3.6: A sample of relevance assessments for INEX 2003 COtopic 99 and document

ic/2000/w4036 .

Retrieval tasks

A CO topic does not restrict the granularity of answer elements. As a result, full documents

may represent preferable answers for some topics, while forother topics more speci�c elements

within documents may be preferable over full documents. Since di�erent topics may have

di�erent types of elements that constitute their best answers, di�erent XML retrieval tasks

could be identi�ed as a result. For example, a system optimised for e�ective retrieval of more

general answers may not be very e�ective when using topics where more speci�c elements

are preferred as answers [Hatano et al., 2004].

To identify these XML retrieval tasks, in the following we analyse the relevance assess-

ments of the INEX 2003 CO topics. Our goal is mainly to understand what assessors (that

is, the topic authors who later assess the relevance of returned answer elements) consider to

be the most useful answers.

Figure 3.6 shows an extract from the relevance assessments for the INEX 2003 CO

topic 99. Values for the two INEX 2003 relevance dimensions,Exhaustivity (E) and Speci�city

(S), are assigned to anarticle and elements within article for assessing their relevance to

the INEX 2003 CO topic.

In this analysis we focus onhighly relevant elements. For an INEX 2003 CO topic, these

are elements that have been assessed as both highly exhaustive and highly speci�c (E3S3)

elements. In Figure 3.6 there are eight such elements, including the document element. These
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sec[2] sec[3]

article[1]

bdy[1]

ip1[1] ss1[1] ss1[2] ss1[1]

SPECIFIC elements

GENERAL elements

Figure 3.7: Identifying General and Speci�c highly relevant elements from relevance assess-

ments for INEX 2003 CO topic 99 and documentic/1999/w4095 .

answer elements have been judged by the assessor as the most useful retrieval elements, even

though there is a substantial amount of overlap among them. We identify two distinct types of

highly relevant elements: General and Speci�c. Unlike the de�nitions for the two INEX 2003

relevance dimensions, the de�nitions for these two types ofhighly relevant elements result

from our analysis as follows.

General:

For a particular document in the collection, a General element is the least-speci�c highly

relevant element containing other highly relevant elements. Based on this de�nition,

article[1] is the only General element in the example of Figure 3.6. However, a

document may contain several General elements if the document element is not highly

relevant. Figure 3.7 shows a tree representation of some of the elements identi�ed as

highly relevant for INEX 2003 CO topic 99 (which are also shown in Figure 3.6). The

General element is the highly relevant element shown in the ellipse.

Speci�c:

For a particular document in the collection, a Speci�c element is the most-speci�c

highly relevant element contained by other highly relevant elements. In Figure 3.7, the

Speci�c elements for INEX 2003 CO topic 99 are the highly relevant elements shown

in diamonds.
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Figure 3.8: Distribution of highly relevant elements across INEX 2003 (a) and 2004 (b) CO

topics, using three cases of relevance assessments (Original, General, and Speci�c).

When there is only one highly relevant element in a document,that element is both a

General and a Speci�c element.

There are 36 INEX 2003 CO topics, with topic numbers between 91 and 126. We use

the latest version (2.5) of the INEX 2003 relevance assessments in our analysis. To date,

no relevance assessments have been provided for topics 105,106, 114 and 120. Moreover,

the CO topics 92, 100, 102, 118 and 121 do not contain highly relevant elements in their

relevance assessments. Consequently, a total of 27 CO topics are used in our analysis.

Figure 3.8(a) shows the distribution of the most frequent highly relevant elements (in-

cluding full documents) across the INEX 2003 CO topics. The �gure shows three distinct

cases (sets) of relevance assessments: the �rst set when allthe highly relevant elements are

considered (Original), the second set when only General elements are considered (General),

and the third set when only Speci�c elements are considered (Speci�c). In Figure 3.8(a), the

x-axis shows the names of the eight most frequent highly relevant elements in the case of

Original relevance assessments. The names of the elements correspond as follows:article to

a document element,bdy to document body, sec and ss1 to section and subsection elements,

and p and ip1 to paragraph elements. They-axis shows the number of times each element

occurs across the 27 INEX 2003 CO topics. As shown in Figure 3.8(b), similar General and

Speci�c sets of relevance assessments were also identi�ed for INEX 2004 CO topics.

The statistics shown for both INEX 2003 and 2004 CO topics in Figure 3.8 provide

an interesting insight into what might happen when the performance of an XML retrieval

system is evaluated against three distinct sets of relevance assessments. For instance, under

the set of General relevance assessments one would expect that a full-text search engine
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Figure 3.9: Categories of INEX 2003 (a) and INEX 2004 (b) CO topics using the case of

General relevance assessments.

alone could be used for e�ective XML retrieval, given that the document element is the most

frequent among the highly relevant elements. Another bene�t of identifying General and

Speci�c sets of relevance assessments is that, unlike the case of the set of Original relevance

assessments (the full recall-base), these sets respectively re
ect two non-overlapping recall-

bases. Indeed, our more detailed analysis of the distribution of highly relevant elements in

the relevance assessments of INEX 2003 CO topics has revealed that there are on average

approximately 34 highly relevant paths for a CO topic, and that on average approximately

two highly relevant (overlapping) elements are contained by a relevant path. A highly relevant

path is a path in the document tree that starts from the document element and ends with a

highly relevant element that either does not contain other elements, or contains elements that

were not judged as highly relevant (including irrelevant elements). For example, four highly

relevant paths are shown in Figure 3.7. For the INEX 2004 CO topics, the average numbers

are approximately 65 highly relevant paths for a CO topic, with approximately three highly

relevant elements contained by a highly relevant path. These statistics reveal that, even

when using the strict quantisation in inex eval , the level of overlap among highly relevant

elements in the full recall-base may indeed lead to misleading evaluation results [Kazai et al.,

2005]. The two distinct sets of relevance assessments (General and Speci�c), each containing

non-overlapping highly relevant elements, could thereforebe used to allow for a reliable

evaluation of XML retrieval e�ectiveness with the strict qu antisation function.

In the following analysis we consider the case of General relevance assessments. Our aim is

to distinguish those INEX 2003 CO topics that are mostly about least-speci�c highly relevant
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elements (such asarticle ) from those that are mostly about more speci�c highly relevant

elements (such assec and p). Consider Figure 3.9(a): a point on this graph represents an

INEX 2003 CO topic. The x-axis shows the total number of Generalarticle elements for a

CO topic, whereas they-axis shows the total number of General elements other thanarticle .

For example, the INEX 2003 CO topic 94 depicted at coordinates (20,5) contains 20 General

article elements and 5 General elements other thanarticle . We use this graph to identify

two di�erent categories of INEX 2003 CO topics.

The �rst category of topics, shown as full circles on the graph and located below the

dashed line, favour full documents as highly relevant answers. There are 11 such topics

(numbers 94, 95, 96, 97, 98, 107, 108, 110, 111, 115 and 122). We refer to topics in this

category asBroad topics.

The second category of topics, shown as full triangles on thegraph, favour elements other

than full documents as highly relevant answers. There are 16such topics. We refer to topics

in this category as Narrow topics.

The INEX 2003 CO topic 91 marked asx is neutral, since the numbers for both types of

General highly relevant elements are the same.

As shown in Figure 3.9(b), similar topic categorisation wasalso observed when analysing

the relevance assessments of the INEX 2004 CO topics. More speci�cally, in the case of

General relevance assessments there are 9 CO topics that belong to the INEX 2004 Broad

topic category, and 16 CO topics that belong to the INEX 2004 Narrow topic category.

Accordingly, with our experiments on the INEX 2003 and 2004 test collections, we investigate

the performance of our XML retrieval runs when these di�erent XML retrieval tasks (the

three cases of relevance assessments with the two categories of retrieval topics) are also taken

into consideration. Note that the above topic categorisation can be applied only in cases

when there are relevance assessments available; we leave itfor future work to test whether

the separation between Broad and Narrow topics can also be made a priori without using

the available information in the relevance assessments.

In a related work, Hatano et al. [2004] have undertaken an analysis of INEX 2003 CO

relevance assessments, where they also focussed only on highly relevant elements. Results

from their analysis have also identi�ed two di�erent categories of CO topics: ACO, or topics

for \searching aggregated XML fragments"; and SCO, or topics for \searching speci�c XML

fragments". The ACO and SCO topic categories therefore correspond to our Broad and

Narrow topic categories, where approximately 64% of the total number of topics that appear

in our Broad category also appear in their ACO category, and approximately 67% of the total
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number of topics that appear in our Narrow category also appear in their SCO category. They

have also identi�ed the \nested relationships" among the elements in the recall-base, an issue

which we have also identi�ed through our analysis of the highly relevant paths in the recall-

base. They argue that, depending on its retrieval purpose, an XML retrieval system should

be evaluated against those topics that ful�l that purpose. This so-calledpurposeis what we

distinguish here as aretrieval task.

Metrics

In measuring the performance of our retrieval runs, our primary goal is to investigate which

XML retrieval approach works best at identifying highly relevantelements | those that have

been judged by assessors as being both highly exhaustive andhighly speci�c to a given INEX

topic. The strict quantisation function is used at INEX to me asure the extent to which an

XML retrieval system is capable of retrieving such highly relevant elements. Accordingly,

to evaluate the retrieval performance of each run under bothINEX 2003 and 2004 test

collections, we report performance scores obtained withMAPusing the strict quantisation

function in the inex eval evaluation metric. We use inex eval as it was used as o�cial

INEX evaluation metric in 2003 and 2004. When comparing the retrieval performance of our

runs to the performance of the best CO runs submitted by INEX 2003 and 2004 participants,

we also reportMAPvalues obtained with generalised quantisation function ininex eval . We

use at-test to check whether the observed di�erence in performance between a pair of runs

is statistically signi�cant ( p < 0:05).

3.3.2 INEX 2003 experiments

In this subsection, we present performance results of our submitted runs on the INEX 2003

test collection. The performance is measured separately onthe CO and the CAS retrieval

topics.

INEX 2003 CO topics

Table 3.7 shows performance results for �ve INEX 2003 CO runs, where best results for

each run are shown in bold. For each run exceptZettair , we also investigate the optimal

number of retrieved elements per document. Although retrieving more elements increases the

e�ectiveness of the eXist and the Hybrid run, the case whenall (at most 1 500) elements

are retrieved performs best. This is also the case for thee-oCRE-MpErun. However, when the
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Retrieved elements

per document (n) eXist e-oCRE-MpE Hybrid H-oCRE-MpE Zettair

1 0.0013 0.0055 0.0063 0.0512 0.0520

2 0.0017 0.0063 0.0064 0.0926

3 0.0018 0.0070 0.0072 0.1078

4 0.0018 0.0079 0.0090 0.1122

5 0.0018 0.0081 0.0123 0.1153

6 0.0018 0.0084 0.0130 0.1206

7 0.0018 0.0087 0.0146 0.1221

8 0.0018 0.0086 0.0158 0.1215

9 0.0018 0.0087 0.0175 0.1231

10 0.0019 0.0088 0.0190 0.1256

11 0.0020 0.0087 0.0208 0.1248

12 0.0021 0.0087 0.0227 0.1238

13 0.0021 0.0087 0.0233 0.1229

14 0.0022 0.0088 0.0243 0.1223

15 0.0023 0.0088 0.0258 0.1214

16 0.0023 0.0089 0.0264 0.1220

17 0.0025 0.0090 0.0272 0.1225

18 0.0025 0.0090 0.0276 0.1236

19 0.0026 0.0090 0.0280 0.1234

20 0.0026 0.0090 0.0285 0.1231

all 0.0028 0.0091 0.0322 0.1209

Table 3.7: Performance results for �ve INEX 2003 CO runs and 20distinct cases of retrieved

elements per document, obtained withMAPusing strict quantisation in inex eval . Best results

for each run are shown in bold.
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hybrid approach uses the CRE module (theH-oCRE-MpErun), we observe that the optimal

number of retrieved CREs per document is ten.

Table 3.7 also shows that theH-oCRE-MpErun is by far the most e�ective, and it sig-

ni�cantly outperforms the best runs of other approaches. We also observe that theeXist

run is the least e�ective system, while the Hybrid run, which also uses eXist as a central

retrieval module, performs signi�cantly better than eXist , and is approximately 11 times

more e�ective. This shows that a native XML database can e�ectively utilise information

about documents estimated as likely to be relevantto a CO topic. The results also show

that when our CRE module is applied to eXist (the e-oCRE-MpErun), the retrieval e�ec-

tiveness is more than three times greater than that of the plain eXist run. Compared to

e-oCRE-MpE, the H-oCRE-MpErun improves the retrieval e�ectiveness of eXist by approx-

imately 14 times. These are all signi�cant improvements over the retrieval e�ectiveness of a

native XML database.

The above results clearly identify the importance of utilising full-text IR techniques in the

XML retrieval task. For example, if we compare the best result of the Hybrid run with that

of Zettair , we notice that Zettair still performs better (but the di�erence in performance is

not signi�cant). This is somewhat surprising, and suggeststhat Zettair is indeed capable of

retrieving highly relevant documents, while the Hybrid run retrieves other elements (in the

case of its best run, up to 1 500), which are more speci�c but not necessarily highly relevant.

However, when the CRE module is used in our hybrid approach (the H-oCRE-MpErun), we

observe an e�ectiveness improvement of approximately 2.5 times than that of Zettair , and

approximately four times than that of the Hybrid run. Both these performance improvements

are statistically signi�cant. These �ndings therefore con�rm that, without the CRE module,

the native XML database in our hybrid XML retrieval approach is not capable of identifying

the preferable units of retrieval for the INEX 2003 CO topics.

The graph in Figure 3.10 shows interpolated precision values calculated at 11pt recall

levels for the best runs of the three XML retrieval approaches. As observed previously in

Table 3.7, the H-oCRE-MpErun performs best, followed byZettair , and the e-oCRE-MpErun

is worst.

Retrieval tasks

In the following analysis, we evaluate the e�ectiveness of each XML retrieval approach for

three di�erent cases of relevance assessments: Original, General and Speci�c. For each
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Figure 3.10: Evaluation of the overall performance of threeINEX 2003 CO runs, using strict

quantisation in inex eval .

case of relevance assessments, the performance of each approach is compared using all the

INEX 2003 CO topics (All ), or using either of the two categories of CO topics:Broad and

Narrow. For each run except Zettair , we additionally investigate three di�erent cases of

retrieved elements per document (n): 1, 10 and all . We choose these values because overall

n = 10 seems to work well for the hybrid approach, while the other two represent the lowest

and the highest possible values forn. We did not test for signi�cance of reported performance

results obtained under the two topic categories, mainly dueto the low number of topics used

in each category. A possible way of addressing this would be to merge the INEX 2003 and

2004 topics and their corresponding relevance assessments. Although the increased topic

set size would allow us to test for signi�cance of reported performance results, this would

however require a mapping to unify the (somewhat di�erent) assessment scales used in 2003

and 2004.

Table 3.8 shows evaluation results for each run in the case ofOriginal relevance as-

sessments. As demonstrated earlier, overall theH-oCRE-MpErun performs best. However,

the optimal number of retrieved elements changes from 10 (when performance is measured

against All and Broad topics) to all (when performance is measured against theNarrow

topics). Not surprisingly, the plain Hybrid run performs better than Zettair when evalu-
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Original CO assessments

CO run n All topics Broad topics Narrow topics

Zettair 1 0.0520 0.0884 0.0270

1 0.0013 0.0012 0.0014

eXist 10 0.0019 0.0013 0.0024

all 0.0028 0.0013 0.0038

1 0.0055 0.0110 0.0018

e-oCRE-MpE 10 0.0088 0.0171 0.0030

all 0.0091 0.0170 0.0036

1 0.0063 0.0061 0.0017

Hybrid 10 0.0190 0.0252 0.0147

all 0.0322 0.0339 0.0311

1 0.0512 0.0830 0.0294

H-oCRE-MpE 10 0.1256 0.1492 0.1094

all 0.1209 0.1348 0.1114

Table 3.8: Performance results for �ve INEX 2003 CO runs and three distinct cases of

retrieved elements per document, obtained withMAPusing strict quantisation in inex eval .

The results are calculated under three CO topic categories and the case of Original relevance

assessments. Best results under each category are shown in bold.

ated against the Narrow topics. For the Broad topics, the two runs implementing the CRE

module preserve their optimal number of retrieved elementsat 10, while the other runs still

need to retrieve the maximum number of elements to achieve their best performances.

Table 3.9 shows the evaluation results for each run in the case of General relevance

assessments. There are two important observations in the cases ofAll and Broad topics: �rst,

the Zettair run performs best, substantially outperforming the other runs (particularly for

the Broad topic category); and second, the optimal number of retrieved elements for runs

implementing the CRE module is one. However, the situation changes for theNarrow topics,

where theH-oCRE-MpErun (with 10 retrieved elements per document) performs slightly better

than Zettair . This result con�rms our previous conjecture about an expected varying

performance of XML retrieval approaches when evaluated against di�erent categories of CO

topics. Indeed, even the retrieval parametern, implemented in our CRE module, needs to

use a di�erent optimal value when the performance is evaluated against theNarrow topics.
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General CO assessments

CO run n All topics Broad topics Narrow topics

Zettair 1 0.1694 0.3178 0.0674

1 0.0003 0.0003 0.0003

eXist 10 0.0003 0.0003 0.0003

all 0.0003 0.0003 0.0003

1 0.0085 0.0186 0.0015

e-oCRE-MpE 10 0.0046 0.0091 0.0015

all 0.0045 0.0091 0.0014

1 0.0003 0.0003 0.0004

Hybrid 10 0.0007 0.0003 0.0010

all 0.0027 0.0003 0.0043

1 0.1438 0.2614 0.0629

H-oCRE-MpE 10 0.0786 0.0940 0.0680

all 0.0746 0.0852 0.0673

Table 3.9: Performance results for �ve INEX 2003 CO runs and three distinct cases of

retrieved elements per document, obtained withMAPusing strict quantisation in inex eval .

The results are calculated under three CO topic categories and the case of General relevance

assessments. Best results under each category are shown in bold.

In the case ofAll topics, signi�cant di�erences in performance are observedwhen com-

paring Zettair to each but the best among the threeH-oCRE-MpEruns (the casen = 1).

The best H-oCRE-MpErun also performs signi�cantly better than the other two H-oCRE-MpE

runs.

In the case of Speci�c relevance assessments, there is no clear distinction of the two

categories of CO topics. Indeed, Table 3.10 shows that in this case the plainHybrid run

performs best (although the absoluteMAPperformance scores are very low), irrespective of

the knowledge of the existing categories of CO topics. We also observe that, for both Broad

and Narrow topics, the runs perform best when retrieving the maximum number of elements.

The results for Narrow topics shown in Tables 3.8 and 3.10 suggest that the performance

of our hybrid approach could be further improved if the nCRE(instead of the oCRE) answer

elements are used in our CRE module. Such change may indeed include more speci�c elements

in the �nal answer list, which are otherwise not included when using oCREelements. However,
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Speci�c CO assessments

CO run n All topics Broad topics Narrow topics

Zettair 1 0.0021 0.0023 0.0020

1 0.0012 0.0006 0.0015

eXist 10 0.0020 0.0007 0.0029

all 0.0035 0.0008 0.0054

1 0.0013 0.0017 0.0011

e-oCRE-MpE 10 0.0034 0.0063 0.0013

all 0.0033 0.0063 0.0013

1 0.0063 0.0122 0.0023

Hybrid 10 0.0347 0.0524 0.0225

all 0.0566 0.0689 0.0481

1 0.0038 0.0020 0.0050

H-oCRE-MpE 10 0.0262 0.0311 0.0228

all 0.0243 0.0248 0.0240

Table 3.10: Performance results for �ve INEX 2003 CO runs and three distinct cases of

retrieved elements per document, obtained withMAPusing strict quantisation in inex eval .

The results are calculated under three CO topic categories and the case of Speci�c relevance

assessments. Best results under each category are shown in bold.

due to the relatively small Narrow topic set size we do not expect this change to result in a

statistically signi�cant performance improvement.

INEX 2003 evaluation metrics

To provide a more detailed insight into the behaviour of the three XML retrieval approaches,

we also measure the performance using the two INEX 2003 metrics: inex_eval_ng(s) and

inex_eval_ng(o) [G•overt et al., 2003b]. These metrics consider the sizes ofthe retrieved

elements in the evaluation; the latter additionally takes into account the level of overlap

among the elements in the resulting answer list. The twoinex_eval_ng evaluation metrics

are described in detail in Chapter 2 (Subsection 2.3.2).

Table 3.11 shows the performance scores for our �ve INEX 2003CO runs. For each run,

we also measure the retrieval performance in three cases of retrieved elements per document:

1, 10 or all . As shown in Table 3.11, regardless of the run and which of thetwo evaluation
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CO run n inex eval ng(s) inex eval ng(o)

Zettair 1 0.0933 0.1252

1 0.0089 0.0090

eXist 10 0.0132 0.0138

all 0.0150 0.0161

1 0.0251 0.0286

e-oCRE-MpE 10 0.0337 0.0286

all 0.0342 0.0286

1 0.0168 0.0182

Hybrid 10 0.0978 0.1087

all 0.1057 0.1141

1 0.1044 0.1344

H-oCRE-MpE 10 0.2086 0.1423

all 0.2156 0.1473

H-oCRE-PME all 0.2201 0.1640

Table 3.11: Performance results for six INEX 2003 CO runs and three distinct cases

of retrieved elements per document, obtained withMAPusing strict quantisation in two

inex eval ng metrics. Best results under each metric are shown in bold.

metrics is used, we observe that the optimal number of retrieved elements per document is

the maximum number (all ).

The two INEX 2003 metrics follow a fundamentally di�erent in terpretation of the concept

of relevance than that followed by the inex_eval metric; indeed, here the relevance concept

is referred to as an \ideal concept space" [G•overt et al., 2003b]. It is therefore to be expected

that, under these metrics, the optimal value for the ranking heuristic combination used by our

CRE module would also di�er from the value used under the inex eval metric. Indeed, in

this case we have also experimented with using thePMEranking heuristic combination in our

CRE module. As shown in the last row in Table 3.11, under both metrics our hybrid XML

retrieval approach performs the best when using thePMEranking heuristic. In particular,

with inex eval ng(o) we observe an 11% relative performance improvement when using

PMEover MpEin the CRE module. This is perhaps not surprising, since with PME, more

speci�c CREs are retrieved early in the ranking, which reduces the penalising e�ect of the
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inex_eval_ng(o) metric when retrieving overlapping element answers. The di�erences in

performance obtained with the hybrid PMErun and those obtained with the three hybrid

MpEruns and Zettair are not statistically signi�cant. However, with the inex_eval_ng(s)

metric we have observed signi�cant di�erences in performance between thePMErun and all

but the best hybrid MpErun (that retrieves all elements per document). This �nding shows

that the value for the optimal retrieval parameter (in this c ase thePMEranking heuristic)

could also be dependent on the evaluation metric used.

Comparison to the o�cial INEX 2003 CO runs

There were 56 CO runs submitted at INEX 2003. With the strict quantisation function in

inex eval , the range of MAPperformance scores for the top ten INEX 2003 CO runs was

between 0.1214 and 0.0688 [Fuhr et al., 2004]. From Table 3.7we observe that the bestMAP

score of ourH-oCRE-MpErun is 0.1256, which is higher than the score of the best performing

CO run at INEX 2003. With strict quantisation in inex eval ng(o) , the range of MAPper-

formance scores for the top ten INEX 2003 CO runs was between 0.1626 and 0.1328, whereas

this range was between 0.1915 and 0.1281 forinex eval ng(s) . As shown in Table 3.11, the

two MAPscores of ourH-oCRE-PMErun obtained under these two metrics are higher than the

corresponding scores of the best performing CO runs at INEX 2003.

With the generalised quantisation function in inex eval , the range of top ten MAPper-

formance scores was between 0.1032 and 0.0676 [Fuhr et al., 2004]. The MAPscore of our

H-oCRE-MpErun is 0.0732, which would have ranked this run as the eight best CO run at

INEX 2003. With the generalised quantisation function in inex eval ng(o) , the range of

the top ten MAPperformance scores was between 0.1500 and 0.1011, whereas this range was

between 0.1809 and 0.1231 forinex eval ng(s) . The MAPscore of our H-oCRE-PMErun

obtained with inex eval ng(o) is 0.1255, while the score obtained withinex eval ng(s)

is 0.1683, which would have ranked these runs as the �fth and the third best CO runs at

INEX 2003, respectively.

INEX 2003 CAS topics

Table 3.12 shows performance results of our runs on the SCAS topics of INEX 2003 test

collection. For all runs exceptZettair , only those answer elements that strictly interpret the

structural constraints in a SCAS topic (including both the t arget and the support elements)

are considered as answers.
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Retrieved elements

per document (n) eXist-SS e-SS-oCRE-MpE Hybrid-SS H-SS-oCRE-MpE Zettair

all 0.0717 0.0849 0.2258 0.2663 0.1228

Table 3.12: Performance results for �ve INEX 2003 CAS runs whenall elements are retrieved

per document, obtained withMAPusing strict quantisation in inex eval . The best result is

shown in bold.

As shown in Table 3.12, when highly relevant elements are target of retrieval the hy-

brid run that uses our CRE module (H-SS-oCRE-MpE) is the most e�ective CAS run, while

the plain eXist-SS run is the least e�ective. The two previously observed retrieval issues

in the native XML database approach (discussed in Subsection 3.1.2) are very likely to in-


uence the latter behaviour. We also observe a (non-signi�cant) 18% relative performance

improvement of eXist when our CRE module is applied (thee-SS-oCRE-MpErun). The plain

Hybrid-SS run (without the CRE module) is approximately three times mo re e�ective than

the plain eXist-SS run. Here, the di�erence in performance is signi�cant, which shows that

this behaviour is strongly in
uenced by the full-text IR appr oach. Signi�cant performance

improvement is also observed when comparing the two runs that implement the CRE module

(H-SS-oCRE-MpEwith e-SS-oCRE-MpE).

Although Zettair can not be applied to the INEX 2003 SCAS retrieval topics that re-

trieve target elements other than article , we observe that overall it still performs better

than eXist, regardless of whether eXist uses the CRE module or not. The di�erences in

performance betweenZettair and the two eXist runs are not statistically signi�cant. Nev-

ertheless, this comparison suggests that, for the SCAS topics wherearticle elements are

target of retrieval, Zettair is indeed capable of identifying highly relevant documents, while

the �rst retrieval issue observed with eXist is again con�rm ed to have a negative impact on

its retrieval e�ectiveness. We also observe that both theHybrid-SS and the H-SS-oCRE-MpE

runs further improve Zettair's retrieval e�ectiveness on t he INEX 2003 SCAS topics, although

only the H-SS-oCRE-MpErun performs signi�cantly better.

The graph in Figure 3.11 shows the evaluation results for thethree best XML re-

trieval approaches on the INEX 2003 SCAS retrieval topics. As previously observed, the

H-SS-oCRE-MpErun performs best, followed by Zettair , and the e-SS-oCRE-MpErun is

worst.
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Figure 3.11: Evaluation of the overall performance of threeINEX 2003 CAS runs, using

strict quantisation in inex eval .

Retrieval tasks

There are 30 INEX 2003 SCAS topics in total, with topic numbers in the range between

61 and 90. On the basis of the target element in the SCAS topic titles, we distinguish two

categories of topics.

� The SCAS topics in the �rst category seek to retrieve full documents, rather than more

speci�c elements within documents, as �nal answers. There are 12 such topics, their

numbers being 61, 62, 63, 65, 70, 73, 75, 79, 81, 82, 87, and 88.We refer to these topics

as Broad SCAS topics.

� The SCAS topics in the second category seek to retrieve more speci�c elements within

documents, rather than full documents, as �nal answers. There are 18 topics that

belong to this category. We refer to these topics asNarrow SCAS topics.

Table 3.13 shows results when each XML retrieval approach isevaluated under the three

SCAS topic categories. For theBroad category Zettair performs best, outperforming the

other two runs. This is somewhat surprising, and shows that in most cases highly rele-

vant documents do not necessarily represent documents satisfying the strict structural query

conditions. For the Narrow topic category (where the Zettair run does not apply), the
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Original SCAS assessments

CAS run n All topics Broad topics Narrow topics

Zettair all 0.1228 0.3144 N/A

e-SS-oCRE-MpE all 0.0849 0.0736 0.0771

H-SS-oCRE-MpE all 0.2663 0.2636 0.2083

Table 3.13: Performance results for three INEX 2003 CAS runs when all elements are re-

trieved per document, obtained withMAPusing strict quantisation in inex eval . The results

are calculated under three SCAS topic categories. Best results under each category are shown

in bold.

H-SS-oCRE-MpErun is roughly three times more e�ective than e-SS-oCRE-MpE. As demon-

strated previously, when both SCAS topic categories are considered (the All topic category),

the performance of theH-SS-oCRE-MpErun is signi�cantly better than the performance of

the other two runs.

Comparison to the o�cial INEX 2003 CAS runs

There were 38 CAS runs submitted at INEX 2003. With the strict quantisation function in

inex eval , the range of MAPperformance scores for the top ten INEX 2003 CAS runs was

between 0.3182 and 0.2352 [Fuhr et al., 2004]. From Table 3.12 we observe that the bestMAP

score of ourH-SS-oCRE-MpErun is 0.2663, which would have ranked this run as the third

best CAS run at INEX 2003.

With the generalised quantisation function in inex eval , the range of the top ten MAP

performance scores was between 0.2989 and 0.1893 [Fuhr et al., 2004]. TheMAPscore of our

H-oCRE-MpErun is 0.1840, which would have ranked this run just below thetenth best CAS

run at INEX 2003.

3.3.3 INEX 2004 experiments

In this subsection, we present results when the performanceof our XML retrieval runs is

evaluated on the INEX 2004 test collection. The retrieval performance is measured separately

on the CO and the CAS retrieval topics.

There are 40 INEX 2004 CO topics (numbers 162{201). We use version 3.0 of the
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CO run %Ovp n MAP

Zettair 0.0 all 0.0491

H-oCRE-MpE 82.2 all 0.1235

H-oCRE-MpE-NO 0.0 all 0.0513

H-oCRE-PME 82.1 all 0.0813

H-oCRE-PME-NO 0.0 all 0.0474

Table 3.14: Performance results for INEX 2004 CO runs when allelements are retrieved

per document, obtained withMAPusing strict quantisation in inex eval . For each run, an

overlap indicator shows the percentage of overlapping elements in its answer list. The best

result is shown in bold.

INEX 2004 relevance assessments, where 34 of the 40 CO topicshave their relevance as-

sessments available. Of these, 9 topics do not contain highly relevant (E3S3) elements, and

so a total of 25 CO topics are used in our experiments. The overlap values reported for each

run are calculated using theset-basedoverlap measure [de Vries et al., 2004a]. For a run,

the set-based overlap calculates the average number of elements that either contain or are

contained by other elements retrieved by the run.

The runs we consider for the INEX 2004 CO topics are listed in Table 3.6. Our goals with

these runs are threefold. First, we aim to explore which of the two ranking heuristic com-

binations (MpEor PME) yields the best retrieval performance when our hybrid XML retrieval

approach is applied in di�erent retrieval tasks. Second, weaim to investigate the impact of

not retrieving overlapping answer elements on the observedperformance. Thus, the two cases

of non-overlap runs, H-oCRE-MpE-NOand H-oCRE-PME-NO, implement di�erent non-overlap

strategies: the former allows less speci�c elements to remain in the list and removes all the

other (contained) elements, whereas the latter retains more speci�c elements, and removes all

the other (encompassing) elements. Finally, by comparing the hybrid runs with the baseline

run (Zettair ), we aim to better understand the issues surrounding XML element retrieval.

Table 3.14 shows evaluation results for the CO retrieval runs in the case of Original

relevance assessments. Several observations can be drawn from these results.

First, for overlap runs using the hybrid approach, the MpEranking heuristic yields better

performance than the PMEheuristic. The di�erence in performance is however not statisti-

cally signi�cant. Second, the two overlap hybrid runs perform signi�cantly better than the
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Figure 3.12: Evaluation of the overall performance of threeINEX 2004 CO runs, using strict

quantisation in inex eval .

two corresponding non-overlap hybrid runs. This is very likely to be a result of the \over-

populated" CO recall base, and re
ects the inability of the strict quantisation function to

cope with the overlap problem [Kazai et al., 2004a; 2005]. However, later in this section we

revisit the comparison between the two types of hybrid runs by using a non-overlapping recall

base (the case of General relevance assessments) during evaluation. Last, the two overlap-

ping hybrid runs on average perform better than the baselinerun (Zettair ), although the

di�erence in performance is only signi�cant for the H-oCRE-MpErun. However, we observe

that the baseline run is very competitive with the non-overlap hybrid runs, and overall it

even performs better than the non-overlapH-oCRE-PME-NOrun (although there is no signi�-

cant performance di�erence). Since the answer list of theH-oCRE-PME-NOrun contains more

speci�c (and non-overlapping) elements, the last result suggests that retrieving more speci�c

answer elements is not an e�ective retrieval strategy in thecase of INEX 2004 CO Original

relevance assessments.

The graph in Figure 3.12 shows interpolated precision values calculated at 11pt recall

levels for the two overlapping hybrid runs and the baseline run. For low recall (0.1 and less),

Zettair outperforms the H-oCRE-PMErun, although its performance gradually decreases

and reaches zero for 0.5 (and higher) recall. Overall,H-oCRE-MpEperforms best and is
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General CO assessments

CO run %Ovp n All topics Broad topics Narrow topics

Zettair 0.0 all 0.1542 0.3643 0.0362

H-oCRE-MpE 82.2 all 0.1264 0.2403 0.0624

H-oCRE-MpE-NO 0.0 all 0.1523 0.3591 0.0363

Table 3.15: Performance results for three INEX 2004 CO runs when all elements are retrieved

per document, obtained withMAPusing strict quantisation in inex eval . The results are

calculated under three CO topic categories and the case of General relevance assessments.

For each run, the overlap indicator (%Ovp) shows the percentage of overlapping elements in

its answer list. Best results under each category are shown in bold.

substantially (but not signi�cantly) better than H-oCRE-PME.

Retrieval tasks

In the following analysis, we use the General relevance assessments to compare the perfor-

mance of the two (overlapping and non-overlapping)H-oCRE-MpEruns with Zettair (the

baseline run).

The General relevance assessments re
ect a non-overlappingrecall base, since a judged

relevant document in this case contains only General (non-overlapping and highly relevant)

elements. Moreover, our previous analysis in this case has also distinguished di�erent cat-

egories of CO topics. Thus, the performances of the above runs are also compared across

three topic categories: theAll topics category, with all the 25 INEX 2004 CO topics, and

the Broad and the Narrow categories, with 9 and 16 CO topics, respectively.

Table 3.15 shows the evaluation results for each run. Two observations are clear in the

cases ofAll and Broad topic categories: �rst, Zettair overall performs best among the

three runs, although the non-overlapping hybrid run (H-oCRE-MpE-NO) performs similarly as

Zettair ; and second, unlike for the case of overpopulated recall base (the case of Original

relevance assessments), the non-overlapping hybrid run outperforms the overlapping hybrid

run. With All topics, the di�erences in performance among the three run pairs are not

statistically signi�cant. These results suggest that, when a non-overlapping recall base is

used for evaluation, the strict quantisation function can be used with inex eval to reliably

evaluate di�erent XML retrieval approaches. Thus, runs tha t return overlapping answer
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elements (or redundant information) perform worse than runs that return non-overlapping

answer elements. More speci�cally, in this case the choice of using a full-text search engine

results in an e�ective XML retrieval. In the case of Narrow topic category, the overlapping

hybrid run performs best, whereas the performance of the other two runs is approximately

the same.

Comparison to the o�cial INEX 2004 CO runs

There were 70 CO runs submitted at INEX 2004. With the strict quantisation function in

inex eval , the range of MAPperformance scores for the top ten INEX 2004 CO runs was

between 0.1524 and 0.1013 [Malik et al., 2005]. From Table 3.14 we observe that the best

MAPscore of ourH-oCRE-MpErun is 0.1235, which would have ranked this run as the sixth

best CO run at INEX 2004.

With the generalised quantisation function in inex eval , the range of the top ten MAP

performance scores was between 0.1308 and 0.0895 [Malik et al., 2005]. TheMAPscore of our

H-oCRE-MpErun is 0.0603, which would have ranked this run among the 20 best CO runs at

INEX 2004.

INEX 2004 CAS topics

There are 35 INEX 2004 VCAS topics (numbers 127-161). We use version 3.0 of the

INEX 2004 relevance assessments, where 26 (out of 35) VCAS topics have their relevance

assessments available. Of these, 4 topics do not contain highly relevant (E3S3) elements, and

so we limit our analysis to a total of 22 VCAS topics.

The runs we consider for the INEX 2004 VCAS topics are listed in table 3.6. We aim to

achieve several goals with our INEX 2004 CAS runs. First, we aim to investigate which query

interpretation ( VV, VSor SS) results in most e�ective XML retrieval. Second, for the hyb rid

runs using the CRE module and a particular query interpretation, we aim to identify the

best among the two ranking heuristics (MpEor PME). Finally, by comparing the hybrid runs

with the baseline run (Zettair ), we wish to empirically determine whether a plain full-text

search engine is useful for the INEX 2004 VCAS topics.

Table 3.16 shows evaluation results for our six INEX 2004 CASretrieval runs in the case

of Original relevance assessments. Several observations can be drawn from these results.

First, the Hybrid-SS run (where both the target and support elements of a VCAS topic

are strictly interpreted) performs worse than the other hybrid runs. Of the other four hybrid
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CAS run %Ovp n MAP

Zettair 0.0 all 0.0523

H-VV-oCRE-MpE 78.3 all 0.1013

H-VV-oCRE-PME 78.2 all 0.0342

H-VS-oCRE-MpE 67.8 all 0.1030

H-VS-oCRE-PME 67.8 all 0.0454

Hybrid-SS 5.4 all 0.0316

Table 3.16: Performance results for six INEX 2004 CAS runs whenall elements are retrieved

per document, obtained withMAPusing strict quantisation in inex eval . For each run, an

overlap indicator shows the percentage of overlapping elements in its answer list. The best

result is shown in bold.

runs, the two H-VS-oCREruns (the choice of strict interpretation of the support elements

and a vague target element) perform better than their corresponding H-VV-oCREruns (the

choice where both the target and support elements are vaguely interpreted). None of the

performance di�erences observed among these run pairs is statistically signi�cant. The last

results therefore only suggest that the choice to strictly interpret support elements in the

INEX 2004 VCAS topics is likely to result in more e�ective ret rieval than the choice of using

plain text queries.

Second, as with INEX 2004 CO topics, the two hybrid runs usingthe MpEranking heuristic

perform better than their corresponding runs using thePMEranking heuristic. The di�erences

in performance between these run pairs are not statistically signi�cant. This suggests that,

for the INEX 2004 VCAS topics, retrieving less speci�c over more speci�c element answers

is likely to result in better retrieval.

Last, the two hybrid runs that use the MpEranking heuristic perform signi�cantly better

than Zettair . However, Zettair performs better than Hybrid-SS and the two hybrid runs

that use the PMEranking heuristic, although the di�erences in performanceare not signi�cant.

These results suggest that vaguely interpreting the targetelement in the INEX 2004 VCAS

topics is likely to result in better overall performance that when using a strict target element

interpretation.

The graph in Figure 3.13 shows interpolated precision values calculated at 11 standard

recall levels for the three hybrid runs (VV, VS and SS) and the baseline run (Zettair ).
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Figure 3.13: Evaluation of the overall performance of four INEX 2004 CAS runs, using strict

quantisation in inex eval .

The hybrid VS run performs best, particularly at low recall levels (0.2 and less), however

its performance is almost identical to that of the hybrid VVrun for 0.3 (and higher) recall

levels. Figure 3.13 also shows that, when highly relevant elements are the target of retrieval,

Zettair clearly outperforms the Hybrid-SS run (however the di�erence in performance is

not statistically signi�cant).

Retrieval tasks

Since the INEX 2004 VCAS topics allowed for a vague target element interpretation [Malik

et al., 2005], relevant elements with names other than the name of the target element were

also included in the INEX 2004 VCAS relevance judgements. Similarly as with our analysis

of the relevance assessments for the INEX 2004 CO topics (shown in Subsection 3.3.1), for

the INEX 2004 VCAS topics we were also able to distinguish three distinct cases of relevance

assessments (Original, General and Speci�c) and two categories of retrieval topics (Broad and

Narrow). The distribution of highly relevant elements across INEX 2004 VCAS topics using

three cases of relevance assessments is shown in Figure 3.14(a), while Figure 3.14(b) shows

the two categories of INEX 2004 VCAS topics in the case of General relevance assessments.

In the following analysis, we use the case of General relevance assessments to compare
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Figure 3.14: Distribution of highly relevant elements across INEX 2004 VCAS topics using

three cases of relevance assessments (a), and two categories of INEX 2004 VCAS topics

identi�ed in the case of General relevance assessments (b).

the performance of the three hybrid CAS runs (query interpretations VV, VSand SS) with

Zettair . Three VCAS topic categories are used in this analysis: theAll category, with all

the 22 VCAS topics, and the Broad and Narrow categories, with 6 and 16 VCAS topics,

respectively.

Table 3.17 shows the evaluation results for each run. The trend in these results is clear: for

each VCAS topic category,Zettair performs best among the other three hybrid runs. This

is an interesting �nding, since the unit of retrieval in Zett air is a whole document, and queries

used are plain content-only queries. ForAll topics, signi�cant performance di�erence is only

observed when comparingZettair and the H-VV-oCRE-MpErun. These results suggest that,

when General and non-overlapping elements are preferred units of retrieval for the INEX 2004

VCAS topics, a full-text IR approach may be used to obtain an equal or better performance

that that obtained by an XML-speci�c retrieval approach.

Comparison to the o�cial INEX 2004 CAS runs

There were 51 CAS runs submitted at INEX 2004. With the strict quantisation function in

inex eval , the range of MAPperformance scores for the top ten INEX 2004 CAS runs was

between 0.1375 and 0.0710 [Malik et al., 2005]. From Table 3.16 we observe that the best

MAPscore of ourH-VS-oCRE-MpErun is 0.1030, which would have ranked this run as the sixth

best CAS run at INEX 2004.

With the generalised quantisation function in inex eval , the range of the top ten MAP
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General VCAS assessments

CO run %Ovp n All topics Broad topics Narrow topics

Zettair 0.0 all 0.1923 0.6253 0.0294

H-VV-oCRE-MpE 78.3 all 0.1283 0.4173 0.0201

H-VS-oCRE-MpE 67.8 all 0.1284 0.4124 0.0212

Hybrid-SS 5.4 all 0.0612 0.1623 0.0234

Table 3.17: Performance results for four INEX 2004 CAS runs when all elements are re-

trieved per document, obtained withMAPusing strict quantisation in inex eval . The results

are calculated under three VCAS topic categories and the caseof General relevance assess-

ments. For each run, the overlap indicator (%Ovp) shows the percentage of overlapping

elements in its answer list. Best results under each category are shown in bold.

performance scores was between 0.1167 and 0.0485 [Malik et al., 2005]. TheMAPscore of our

H-VS-oCRE-MpErun is 0.0545, which would have ranked this run as the eight best CAS run.

3.4 Summary

In this chapter, we have evaluated the performance of three approaches to XML retrieval:

the full-text information retrieval approach using Zettair , the native XML database approach

using eXist, and the hybrid XML retrieval approach that comb ines retrieval features from the

previous two approaches. With the hybrid approach, we have designed a range of methods

that dynamically identify the appropriate level of answer granularity and rank the �nal

answers. The results of our experiments on the INEX 2003 and 2004 test collections | using

both the CO and the CAS retrieval topics | have demonstrated t hat the hybrid approach

successfully addresses the issues previously identi�ed with the other two approaches, and

yields robust and e�ective content-oriented XML retrieval.

We have used the strict quantisation function with the inex eval evaluation metric to

measure the performance of the three XML retrieval approaches. Indeed, by using the strict

quantisation we were able to measure the extent to which an XML retrieval approach is

capable of retrieving highly relevant elements. Therefore, we have followed the assumption

that retrieving highly relevant elements is what assessors(and users) will �nd most useful.

In the next chapter we validate the above assumption by investigating what the experience

of assessors and users suggest about howrelevanceshould be de�ned in XML retrieval.
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Chapter 4

Relevance in XML Retrieval

A realistic relevance de�nition is necessary for meaningful comparison of alternative XML

retrieval approaches. In this chapter, we revisit the de�nition of relevance in XML retrieval

by performing an extensive analysis of the INEX 2004 and 2005relevance dimensions. We

propose a newtopical-hierarchical relevance de�nition for XML retrieval, comprising two

relevance dimensions and a �ve-point nominal relevance scale, and demonstrate its usefulness

in XML retrieval experiments.

Each year since 2002, a new set of retrieval topics has been proposed and assessed by the

group of INEX participants. Analysing the behaviour of assessorswhen judging the relevance

of returned elements may provide insight into possible trends within relevance assessments.

Such studies have been done for both INEX 2002 [Kazai et al., 2004b] and INEX 2003

[Piwowarski and Lalmas, 2004] test collections. The INEX interactive track, established

in 2004, investigates the behaviour ofusers when elements (rather than documents) are

presented as answers [Tombros et al., 2005a]. INEX 2004 usedtwo relevance dimensions,

Exhaustivity and Speci�city , to measure the extent to which an element respectivelycovers

and is focussed onan information need [Piwowarski and Lalmas, 2004]. To assign a relevance

score to an element, the grades from the two dimensions were combined in a 10-point relevance

scale. Both the assessors and the users used this scale whilejudging the relevance of returned

elements. At INEX 2005, the interactive track comprised three tasks and two di�erent XML

document collections [Larsen et al., 2006a]. The relevancede�nitions for Exhaustivity and

Speci�city were also changed, in order to respectively re
ect the new highlighting assessment

approach adopted in INEX 2005.

107
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In Section 4.1 we provide a detailed empirical analysis of the two INEX 2004 relevance

dimensions to determine the common assessor and user understanding of the INEX 2004

relevance. In Section 4.2 we analyse the overall assessor behaviour in INEX 2005, and ad-

ditionally investigate the level of assessor agreement on the �ve double-judged INEX 2005

topics to determine the common assessor understanding of the INEX 2005 relevance. Re-

sults from our analysis of the INEX 2004 and 2005 relevance de�nitions suggest that the

experience of assessors and users | while judging relevanceof returned elements for retrieval

topics | could be utilised to determine how relevanceshould be de�ned in the context of

XML retrieval. In Section 4.3 we propose a new de�nition of relevance for XML retrieval,

and investigate in Section 4.4 whether a relevance scale based on this de�nition is valuable

for users and assessors.

4.1 Analysis of INEX 2004 relevance

In this section we investigate the extent to which the INEX 2004 assessors and the users par-

ticipating in the INEX 2004 Interactive track have a common understanding of the INEX 2004

relevance de�nition. We analyse the trends in the relevanceassessments obtained for all the

INEX 2004 Content Only (CO) topics, and compare them to the trends in the user relevance

judgements obtained for topics used in the INEX 2004 Interactive track.

4.1.1 INEX 2004 relevance dimensions

The INEX 2004 relevance de�nition is explained in detail in Chapter 2 (Subsection 2.2.2).

Here, EeSsdenotes the relevance of an element to an INEX 2004 topic, where E represents

Exhaustivity, S representsSpeci�city , and e and s represent numerical values between zero

and three. For example, the relevance valueE0S0denotes anon-relevant element, whereas

the value E3S3denotes ahighly relevant element.

4.1.2 Methodology

We now provide an overview of the methodology used in our study. We describe the type

and the number of participants involved; the choice of the categories of topics used; the way

the data | re
ecting the observed behaviour of users and assessors | was collected; and the

way the correlation between relevance grades is measured. We use the relevance assessments

obtained from the interactive online assessment system [Piwowarski and Lalmas, 2004] to
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analyse the assessor behaviour, and we use the data collected from the INEX 2004 Interactive

track [Tombros et al., 2005a] to analyse the user behaviour.

The INEX 2004 10-point relevance scale was also used by users in the INEX 2004 In-

teractive track to judge the relevance of returned elements. However, the �rst relevance

dimension, Exhaustivity, was namedUsefulness, since it was deemed by the organisers that

it would make it easier for users to comprehend its relevanceaspects [Tombros et al., 2005a].

To make sure that users perceive this relevance dimension inthe same (or similar) way as

assessors, the de�nition ofUsefulness, along with the descriptions of its relevance grades, was

written to be exactly the same as forExhaustivity.

Participants

Two types of participants are used in this study: assessors and users. Generally both can

be regarded as users; however, it is often necessary to distinguish between them, since their

role in XML retrieval evaluation is quite di�erent.

Assessors Every year since 2002 when INEX started, each individual from a participating

group is asked to submit at least one retrieval topic (query). If a topic is accepted, the same

individual is (usually) required to judge the relevance of retrieved elements. The assessor

can, therefore, be seen as an individual that provides the ground-truth for a particular

retrieval topic. There is usually one assessor per topic, although for the purpose of checking

whether the relevance assessments were done in a consistentmanner, two or more assessors

may be assigned to a given topic [Piwowarski and Lalmas, 2004]. We analyse the relevance

assessments provided by one assessor per topic.

Users A total of 88 users were employed for the purposes of the INEX 2004 Interactive track,

with an average age of 29 years [Tombros et al., 2005a]. Although most of the users had a

substantial level of experience in web or other related searches, it was expected that very few

(if any) were experienced in interacting with XML elements. For this purpose, users were

given the same (although slightly reformulated) retrieval topics as the ones proposed and

judged by the INEX 2004 assessors. By analysing and comparing the data obtained from

the user interaction with the data obtained from the assessor judgements for an INEX 2004

topic, it is possible to determine the extent to which the concept of relevanceis commonly

understood by the assessor and the users.
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Topic B1 (INEX 2004 CO topic 192):

You are writing a large article discussing virtual reality ( VR) applications and you

need to discuss their negative side effects. What you want to know is the symptoms

associated with cybersickness, the amount of users who get t hem, and the VR

situations where they occur. You are not interested in the us e of VR in therapeutic

treatments unless they discuss VR side effects.

Figure 4.1: Background topic B1 used in INEX 2004 Interactivetrack.

Retrieval topics

To help users better understand the objectives of the retrieval task, the INEX 2004 CO topics

were reformulated as simulated work task situations [Tombros et al., 2005a]. A simulated

work task situation requires users to interact with the retr ieval system and allows them to

formulate as many queries as needed, which results in di�erent individual interpretations of

the information need [Borlund, 2003b]. Thus, the reformulated topics not only describewhat

the information need represents, but alsowhy users need to satisfy this need, and what is

the context of the information need.

Tombros et al. [2005b] demonstrate that, while judging relevance of retrieved pages on

the Web, the context determined by topic category has an e�ect on the observed behaviour.

A similar topic-dependent e�ect is likely to be observed whenusers judge the relevance of

XML elements (rather than of whole documents, such as Web pages). The retrieval topics

used in the INEX 2004 Interactive track were therefore divided into two topic categories:

a Background category and aComparison category. Topics that belong to the Background

category seek as much general information about the area of interest as possible. Two

retrieval topics were used in this category, B1 and B2, whichare based on the INEX 2004

CO topics 192 and 180, respectively [Tombros et al., 2005a].Figure 4.1 shows topic B1,

which is the Background topic used in this study. Topics that belong to the Comparison

category seek similarities or di�erences between at least two items discussed in the topic.

Two retrieval topics were used in this category, C1 and C2, which are respectively based on

the INEX 2004 CO topics 188 and 198 [Tombros et al., 2005a]. Figure 4.2 shows topic C2,

which is the Comparison topic used in this study.
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Topic C2 (INEX 2004 CO topic 198):

You are working on a project to develop a next generation vers ion of a software

system. You are trying to decide on the benefits and problems of implementation

in a number of programming languages, but particularly Java and Python. You would

like a good comparison of these for application development . You would like to see

comparisons of Python and Java for developing large applica tions. You want to see

articles, or parts of articles, that discuss the positive an d negative aspects of

the languages. Things that discuss either language with res pect to application

development may be also partially useful to you. Ideally, yo u would be looking for

items that are discussing both efficiency of development an d efficiency of execution

time for applications.

Figure 4.2: Comparison topic C2 used in INEX 2004 Interactive track.

Collecting the data

Di�erent methods were used to collect the data from assessors and users, and di�erent time

restrictions were put in place in both cases.

In the case of assessors, an interactive online assessment system was used to collect the

judgements for a particular topic [Piwowarski and Lalmas, 2004]. This is a well-established

method used in INEX, where the assessment system implementssome rules to ensure that

the collected relevance assessments are as complete and as consistent as possible. It takes on

average one week for the assessor to judge all the retrieved elements for a particular topic.

The relevance assessments are then stored in anXML assessment �le where, for each XML

document, the judged relevant elements are kept in documentorder. We use these assessment

�les to analyse the relevance judgements made by assessors.

For users, a system based on HyREX [G•overt et al., 2003a] wasused to collect the user

judgements and to log their activities [Tombros et al., 2005a]. Users were able to choose

between two retrieval topics for each topic category, for which they were required to �nd as

much information as possible for completing the search task. A time limit of 30 minutes was

given to each user. The data obtained from the user interaction was stored in corresponding

log �les. From the log �les, for each user we created an XML assessment �le that follows the

same format as the assessor's assessment �le. We use these assessment �les to analyse the
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judgements made by users, and to compare them with the judgements made by the assessors.

Measuring correlation between relevance grades

When analysing the overall assessor and user behaviour, we also measure the correlation

between the grades of the two INEX 2004 relevance dimensions. By analysing the correlation

values, we aim at �nding whether there is a common aspectthat may have in
uenced the

assessor's (or user's) choice of combining the grades from the two INEX 2004 relevance

dimensions.

Analysing the level of assessor and user agreement

The analysis of the level of agreement concerns the amount ofinformation that was mutually

agreed to be either relevant or non-relevant by the assessor and the users for topics B1 and C2.

We use topics B1 and C2 for two reasons: �rst, both of these topics have user judgements and

corresponding relevance assessments available; and second, data from approximately 50 users

was collected for each of these topics. By contrast, no relevance assessments are available

for topic B2, while data from fewer users was collected for topics C1 (16 users) and B2 (20

users).

There is a restriction on the granularity of elements stored in the user judgements.

HyREX uses the concept of \index objects" [G•overt et al., 2003a] to limit the level of element

granularity presented to a user, and so users could make judgements for only four of the 192

de�ned elements. These elements are namedarticle , sec, ss1, and ss2, which correspond

to a document element, a section, and two subsection elements. While this could be seen

as a limitation of the HyREX system, the obtained element granularity is su�cient for the

purpose of our analysis. For consistency when measuring thelevel of agreement between the

assessor and the users for topics B1 and C2, we also consider only these four element names

in the relevance assessments containing the assessor judgements.

4.1.3 Assessor behaviour analysis for INEX 2004 CO topics

In this subsection, we analyse the overall assessor behaviour when judging the relevance of

returned elements for the INEX 2004 CO retrieval topics. We also report correlation values

observed between the grades of the two INEX 2004 relevance dimensions.
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Figure 4.3: Distribution of relevant elements across nine relevance points for INEX 2004 CO

topics, as judged by 34 assessors. For each point of the relevance scale (fromE1S1to E3S3),

the �gure shows the total number of relevant elements, and the number of relevant elements

that belong to each of the four element names.

Overall assessor behaviour

Figure 4.3 shows the distribution of relevant elements across nine relevance points for INEX

2004 CO topics, as judged by 34 assessors.1 As shown in the �gure, in this analysis we use

statistics for relevant elements that belong to only four element names:article , sec, ss1,

and ss2. The x-axis shows the nine relevance points that contain a combination of grades of

the two INEX 2004 relevance dimensions, and which can be assigned to a relevant element

(the caseE0S0is not shown). For a relevance point (fromE1S1to E3S3), the y-axis shows the

total number of occurrences of relevant elements that have been assigned to that particular

relevance point (the number of occurrences is calculated across the 34 INEX 2004 CO topics).

For a relevance point, Figure 4.3 also shows the distribution of relevant elements that belong

to each of the four element names.

The total number of relevant elements that belong to any of the four element names

across the 34 INEX 2004 CO topics is 5 423. The three most frequently used relevance points

1There are 40 INEX 2004 CO topics in total, however six of them do not have re levance assessments

available.
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Element names

sec ss1 article ss2

Type Total total % total % total % total %

Relevant (E>0, S>0) 5 423 2 463 45 1 451 27 1 256 23 253 5

Table 4.1: Distribution of relevant elements with four element names (sec, ss1, article ,

and ss2) across INEX 2004 CO topics, as judged by 34 assessors.

by INEX 2004 assessors areE1S1, with 1 815 (30%) judged elements;E2S1, with 614 (10%)

judged elements; andE3S3, with 591 (10%) judged elements. Table 4.1 shows the distribution

of relevant elements that belong to the four element names, as judged by the 34 assessors.

The sec elements occur most frequently, followed byss1 and article elements, with the

ss2 elements being the least frequently distributed elements.

Correlation between relevance grades

In the following we investigate the correlation between thegrades of the two relevance di-

mensions when considering relevance assessments for all the 34 INEX 2004 CO topics. All

the relevant elements, including elements with names otherthan the four names reported

previously, are considered in this correlation analysis.

Table 4.2 shows the observed correlation between the gradesof the two INEX 2004 rel-

evance dimensions, as judged by the assessors. For a grade ofthe Exhaustivity relevance

dimension (column), the value of Sp|Ex shows the fraction of the cases where an element

was judged asSp (speci�c), given that it had been judged as Ex (exhaustive). For example,

the Sp|Ex value of column E3 and row S3 is 0.48, indicating that in 48% of the cases a

highly exhaustive element had also been judged to be highly speci�c. Similarly, for each

grade of the Speci�city relevance dimension (row), the value ofEx|Sp shows the fraction of

the cases where an element was judged asEx (exhaustive), given that it had been judged as

Sp (speci�c). In this case the Ex|Sp value of row S3 and column E3 is 0.28, indicating that

in 28% of the cases a highly speci�c element had also been judged to be highly exhaustive.

For Exhaustivity, it appears more likely that a highly exhaustive (E3) element would be

judged as highly speci�c (48%) than as fairly speci�c (39%) or as marginally speci�c (13%)

element. Similar correlations are observed for the remaining two grades of theExhaustivity

dimension: for the fairly exhaustive (E2) grade, the predominant grade is fairly speci�c (46%);
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Exhaustivity

Speci�city E3 E2 E1

Sp|Ex Ex|Sp Sp|Ex Ex|Sp Sp|Ex Ex|Sp

S3 0.48 0.28 0.35 0.30 0.32 0.42

S2 0.39 0.26 0.46 0.45 0.20 0.29

S1 0.13 0.09 0.19 0.18 0.48 0.73

Table 4.2: Correlation between grades of the two INEX 2004 relevance dimensions, as judged

by 34 assessors of the INEX 2004 CO topics. For a relevance dimension, the highest observed

correlation is shown either in bold (Exhaustivity) or bold-italics (Speci�city).

and for the marginally exhaustive (E1) grade, the predominant grade is marginally speci�c

(48%). Although there are no strong correlations, the abovevalues show that each grade

from the Exhaustivity dimension is predominantly correlated with its corresponding grade of

the Speci�city dimension.

For Speci�city , there is a high likelihood that a marginally speci�c ( S1) element would

also be assessed as marginally exhaustive (73%). For the fairly speci�c ( S2) grade, the

corresponding predominant relevance grade is fairly exhaustive (45%). A highly speci�c

(S3) element would most likely be judged as marginally exhaustive (42%) rather than as

fairly exhaustive (30%) and least likely as highly exhaustive (28%) element. This is perhaps

not surprising, since highly speci�c elements usually represent smaller elements that contain

no or little irrelevant information, which suggests that th ey discuss only a few aspects of

the information need | making them marginally exhaustive. A part from the highly speci�c

grade, the two other grades from theSpeci�city dimension | much like the three Exhaustivity

grades | are predominantly correlated with their correspon ding grades of theExhaustivity

dimension.

4.1.4 User behaviour analysis for INEX 2004 Interactive topics

In this subsection, we analyse the overall user behaviour when judging the relevance of

returned elements for the four topics used in the INEX 2004 Interactive track. We also

present correlation values observed between the grades of the two INEX 2004 relevance

dimensions.
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Figure 4.4: Distribution of relevant elements across nine relevance points for topics used in

INEX 2004 Interactive track, as judged by 88 users. For each point of the relevance scale

(from E1S1to E3S3), the �gure shows the total number of relevant elements, andthe number

of relevant elements that belong to the four element names.

Overall user behaviour

Figure 4.4 shows the distribution of relevant elements across nine relevance points for topics

used in INEX 2004 Interactive track, as judged by 88 users.

The total number of occurrences of relevant elements acrossthe four topics is 1 113. More

than half of these are elements that have been judged as either E1S1(23%), E3S3(20%),

or E2S2(12%). Table 4.3 shows the distribution of relevant elements that belong to the

four element names, as judged by the 88 users. Thesec elements occur most frequently,

followed by article and ss1 elements, with the ss2 elements being the least frequently

distributed elements. When compared to the distribution of relevant elements obtained by

the 34 assessors of the INEX 2004 CO topics, we observe that inthis casearticle (rather

than ss1) elements are the second most frequently judged relevant elements.
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Element names

sec article ss1 ss2

Type Total total % total % total % total %

Relevant (E>0, S>0) 1 113 577 52 284 25 220 20 32 3

Table 4.3: Distribution of relevant elements with four element names (sec, ss1, article ,

and ss2) across INEX 2004 Interactive topics, as judged by 88 users.

Exhaustivity

Speci�city E3 E2 E1

Sp|Ex Ex|Sp Sp|Ex Ex|Sp Sp|Ex Ex|Sp

S3 0.62 0.56 0.33 0.29 0.14 0.15

S2 0.30 0.30 0.41 0.39 0.26 0.31

S1 0.08 0.07 0.26 0.25 0.60 0.68

Table 4.4: Correlation between grades of the two INEX 2004 relevance dimensions, as judged

by 88 users of INEX 2004 Interactive topics. For a relevance dimension, the highest observed

correlation is shown either in bold (Exhaustivity) or bold-italics (Speci�city).

Correlation between relevance grades

Table 4.4 shows the correlation between grades of the two INEX 2004 relevance dimensions,

as judged by 88 users of the INEX 2004 Interactive track. For both Exhaustivity and Speci-

�city , two correlation trends concerning highly and marginally relevant grades are visible.

In majority of the cases (62%), a highly exhaustive (E3) element is also judged to be highly

speci�c, and in 56% of the cases a highly speci�c (S3) element is also judged to be highly

exhaustive. Similarly, in 60% of the cases a marginally exhaustive (E1) element is also judged

to be marginally speci�c, and in 68% of the cases a marginallyspeci�c (S1) element is also

judged to be marginally exhaustive. The fairly exhaustive (E2) grade is predominantly corre-

lated to the fairly speci�c grade (41%), while fairly speci� c (S2) grade is also predominantly

correlated to the fairly exhaustive grade (39%).
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4.1.5 Analysis of the level of agreement

We now analyse the level of agreement between the assessor and the users separately for

topics B1 and C2. Only elements that belong to four element names (article , sec, ss1,

and ss2) are considered in this analysis.

Background topic B1

Table 4.5 shows the overall level of agreement between the assessor and the users for topic B1,

as well as the agreement calculated for each point of the relevance scale. The two columns

on the left refer to the assessor's judgements, where for each relevance point (the Judgement

column), the total number of judged elements that belong to this point is shown (the Total

column). The values in theUser Judgementscolumns show how users actually judged any of

these elements. TheTotal column on the right shows the total number of user judgementsfor

each point of the relevance scale, where numbers in parentheses represent numbers of unique

elements judged by users. TheAgreement column shows the level of agreement between the

assessor and the users for each relevance point.

For example, the �rst row in the table indicates that there ar e two elements judged as

E3S3by the assessor, and that of 48 total user judgements, there are 25 cases where users

judged any of these two elements asE3S3, ten cases asE3S2, �ve cases asE2S3, and so on.

The level of agreement between the assessor and the users forthe E3S3point of the relevance

scale is 52% (since in 25 out of 48 cases users judged these elements as E3S3). For this

relevance point we consider only the user judgements made ontwo unique elements (shown

in the parentheses), which correspond to the same elements judged asE3S3by the assessor.

As shown in the table, the overall level of agreement betweenthe assessor and the users

for topic B1 is 35%. The overall agreement onrelevant elements (calculated across the nine

relevance points) is 21%, whereas there is a 57% agreement onnon-relevant elements.

Several observations can be drawn from the statistics shownin Table 4.5.

First, users judged 19 (unique) of the 32relevant elements as identi�ed by the assessor

for topic B1. In 7% of the cases, however, users judged some ofthese elements to benot

relevant. Conversely, 59 (unique) of the 1 158non-relevant elements, as identi�ed by the

assessor, were also judged by users, and in 43% of the cases users judged some of these

elements to berelevant.

Second, the highest level of agreement between the assessorand the users is on highly

relevant (E3S3) and on non-relevant (E0S0) elements, with agreement values of 52% and 57%,
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respectively. However, users seem to agree less with the assessor on the other points of the

INEX 2004 relevance scale. For example, although the highest number of user judgements is

on the E2S3relevance point (around 50%), users actually judged these elements to beE2S3

in only 14% of the cases. In fact, in the majority of the cases (47%), the users judged these

elements to be highly relevant (E3S3). There is even a higher agreement (63%) between the

assessor and the users on this relevance point if we allow forthe Exhaustivity value to be

one o�; that is, this percentage re
ects the proportion of users who chose to judge anE2S3

element (as identi�ed by the assessor) as eitherE1S3, E2S3, or E3S3. Similar observations

can be made for theE1S1relevance point, where in 36% of the cases users judged these

elements to be non-relevant (E0S0). Note that even though the number of user-judgedE3S3

and E1S1elements is roughly the same, the level of agreement for theE3S3relevance point

is more than two times greater than the level of agreement forthe E1S1relevance point.

Last, a more detailed analysis of the above statistics reveals a similar agreement on

each separate relevance dimension. More speci�cally, the overall agreement forExhaustivity

is 45%, whereas the overall agreement forSpeci�city is 44%. The agreement on highly

exhaustive (E3) elements is 71%, while the agreement on highly speci�c (S3) elements is

63%, indicating that for topic B1 highly exhaustive elements were perceived slightly better

than highly speci�c elements. Two possible reasons for thiscould be as follows: �rst, the

number of mutually agreed highly exhaustive elements is lower than that of highly speci�c

elements; and second, highly exhaustive elements usually reside at higher structural levels

than highly speci�c elements, which makes the judgement process much easier.

Comparison topic C2

Table 4.6 shows the overall level of agreement between the assessor and the users for topic

C2, as well as the agreement for each point of the relevance scale. As shown in the table,

the overall level of agreement for topic C2 is 31%. Similarlyas for topic B1, the overall

agreement onrelevant elements (calculated across the nine relevance points) is 20%, whereas

there is a 58% agreement onnon-relevant elements.

Several observations can also be drawn from the statistics shown in Table 4.6. First, users

judged 53 (unique) of the 153relevant elements as identi�ed by the assessor for topic C2.

In 12% of the cases, however, users judged these elements to be not relevant. Conversely, 52

(unique) of the 1094 non-relevant elements, as identi�ed by the assessor, were also judged

by users, and in 42% of the cases users judged these elements to be relevant.
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Second, as for topic B1 the highest level of agreement between the assessor and the users

is on the end points of the relevance scale:E3S3(43%) and E0S0(58%), although the number

of user judgements for theE3S3relevance point is much lower than the number of judgements

for the E0S0point. The E1S1relevance point has the highest number of user judgements

(207 out of 507), and in 22% of the cases users also judged these elements to beE1S1. There

are also 76 user judgements for theE2S2relevance point, however in 26% of the cases users

actually judged the E2S2elements to be highly relevant (E3S3) elements.

Last, a more detailed analysis shows that the level of agreement between the assessor and

the users di�ers on each separate relevance dimension. Moreprecisely, the overall agreement

for Exhaustivity is 53%, while the overall agreement forSpeci�city is 45%. The agreement

on highly exhaustive (E3) elements is 79%, whereas the agreement on highly speci�c (S3)

elements is 55%. This shows that, as for topic B1, for topic C2highly exhaustive elements

were perceived better than highly speci�c elements.

4.1.6 Concluding remarks on INEX 2004 relevance

In this section, we have studied the overall behaviour of assessors and users when respectively

judging the relevance of returned elements for INEX 2004 CO retrieval topics and topics used

in the INEX 2004 Interactive track. We have also analysed thelevel of agreement between

the assessor and the users for topics B1 and C2, mainly to investigate which of the 10 points

of the INEX 2004 relevance scale were perceived best.

According to users, most of the relevant elements reside in the E1S1, E2S2, and the E3S3

relevance points. While analysing the correlation betweenthe grades of the two INEX 2004

relevance dimensions, we found that the predominant correlations are between the corre-

sponding grades of each of the two dimensions. Similar �ndings were observed when analysing

the overall assessor behaviour on the 34 INEX 2004 CO topics.This suggests that thecom-

mon aspect in
uencing the choice of combining grades from the two INEX 2004 relevance

dimensions is the fact that the users and assessors can not make a clear distinction be-

tween the two dimensions (since they are both based on topical relevance); in fact, users

and assessors behave as if each of the grades from either dimension belongs to only one rel-

evance dimension. However, the de�nitions of the two dimensions explicitly state that the

two relevance dimensions are di�erent. More speci�cally, the Exhaustivity de�nition states

that higher aspect coverage does not imply that there is lessnon-relevant information in an

element, which means there is no one-to-one correspondence between the two INEX 2004
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relevance dimensions. Nevertheless, users' perception | which was empirically identi�ed

in this study | suggests that the cognitive load of simultane ously choosing the grades for

Exhaustivity and Speci�city is too di�cult.

When analysing the level of assessor and user agreement on judged elements for topics

B1 and C2, we found that the highest level of agreement was respectively on highly relevant

(E3S3) and on non-relevant (E0S0) elements, which shows that the assessor and the users

have clearly perceived the end points of the relevance scale. However, the other points of the

INEX 2004 10-point relevance scalewere not perceived as well. When the two INEX 2004

relevance dimensions were analysed separately, we observed that | in both topic cases |

there is more overall agreement forExhaustivity than for Speci�city . The most likely reason

for this is that the assessors and users may not have understood an important property of

the Speci�city dimension: an element should be judged ashighly speci�c (S3) if it does not

contain non-relevant information.

There are at least two methodological issues that have not been explicitly discussed so

far, but which could nevertheless in
uence the validity of the reported results concerning the

level of assessor and user agreement. First, for an INEX 2004topic assessors were required to

judge all the retrieved elements such that the obtained relevance assessments are as complete

(and as consistent) as possible. On the other hand, users that participated in the INEX 2004

Interactive track were given freedom to either provide relevance judgements or not, which

makes the assessor evaluation task di�erent to that of users. Second, assessors and users

had di�erent system interfaces to do the judgements. In the case of users, the distribution

of relevant elements (stored in the user judgements) would be greatly dependent on what

HyREX had retrieved, whereas in the assessor's case all the elements found for an INEX 2004

topic | grouped by their containing documents | were require d to be judged. Indeed, users

typically examined the �rst couple of pages within the retur ned ranked list [Tombros et al.,

2005a], which means that many relevant elements | that were otherwise included in the

assessor judgements | were likely to be missed from user judgements.

Although these issues could have inadvertently in
uenced the observed behaviour (and

thus question the validity of the reported results), our main goal with this study was to

investigate to what extent the concept of relevancehad been understood by both the assessor

and the users. If an assessor (or a user) had chosen to assign arelevance point (ranging from

E0S0to E3S3) to a returned element, the actual task at hand, or the actual system interface

used for that matter, are of limited value for our study purposes. Rather, our aim was

to investigate how the concept of relevance was perceived bythe person who carried out
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the judgement task, and whether the person's cognitive loadof simultaneously choosing the

relevance grades was too high or not.

In addition to the analysis of the INEX 2004 relevance de�nition, we have also investigated

the following research question:

� Is retrieving overlapping elements what users really want?

When analysing the user judgements for both topics B1 and C2,we found that there are

strong indications that users did not like overlapping elementsto appear in the list of answer

elements. Results from this analysis are discussed in more detail in Appendix B, where we

also de�ne four ways of measuring overlap in XML retrieval.

4.2 Analysis of INEX 2005 relevance

In this section we analyse the relevance assessments obtained for the INEX 2005 Content

Only and Structure (CO+S) and Vague Content And Structure (V VCAS) topics, mainly

to determine the overall assessor behaviour at INEX 2005. Toempirically investigate the

common assessor understanding of the two INEX 2005 relevance dimensions, we also analyse

the level of assessor agreement on the �ve topics double-judged at INEX 2005.

4.2.1 INEX 2005 relevance dimensions

The INEX 2005 relevance de�nition is explained in detail in Chapter 2 (Subsection 2.2.2).

Here, Speci�city was automatically computed as the ratio of highlighted to fully contained

text, while assessors were asked to explicitly judge theExhaustivity of highlighted elements

by using a three-graded relevance scale. The threeExhaustivity values were? (too small),

1 (partially exhaustive), and 2 (highly exhaustive).

4.2.2 Assessor behaviour analysis for INEX 2005 topics

We now investigate the overall assessor behaviour by analysing the distribution of the E?,

E1, and E2 elements across the INEX 2005 CO+S and VVCAS retrieval topics.

Overall assessor behaviour

There are 29 CO+S and 34 VVCAS INEX 2005 topics that have corresponding relevance

assessments available.2 We use relevance assessments for both parent and child VVCAS
2We use version 7.0 of the INEX 2005 CO+S and VVCAS relevance assessments.
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topics in this analysis.

By analysing the INEX 2005 relevance assessments, we aim to discover whether the

average number, size, and proportion of contained relevantinformation in judged elements

di�er depending on the Exhaustivity value given to these elements. For example, we expect

to �nd many relevant elements with an exhaustiveness value of \ ?", making them too small.

The proportion of relevant information found in these elements (their Speci�city value) is

expected to be very high, re
ecting the fact that most of the contained information is relevant.

Conversely, it is reasonable to expect that the distribution of other relevant elements (such

as E1 or E2) is likely to di�er from the distribution of the too small elements, both in terms

of their average number, size, and proportion of contained relevant information.

Table 4.7 shows our analysis of the INEX 2005 CO+S and VVCAS relevance assessments.

As expected, for both types of topics the assessment trends are clear: The too small (E?)

elements are the most common, the smallest in size, and contain the highest proportion of

relevant information. By contrast, the highly exhaustive ( E2) elements are the least common,

the largest in size, and contain the smallest proportion of relevant information. The partially

exhaustive (E1) elements lie in between.

These statistics show that the assignment of the threeExhaustivity grades by the assessor

seems to properly re
ect their initial relevance de�nition s [Lalmas and Piwowarski, 2005].

However, a closer look at thetoo small element distribution reveals some inconsistencies in

connection to the E?relevance grade. For example, Table 4.7 shows that the maximum aver-

age size of the too small elements is 1 497 characters, which is found for CO+S topic 207. On

the other hand, the minimum average value for the proportion of contained relevant infor-

mation is 59%, found for CO+S topic 222. A closer inspection of the relevance assessments

for these two topics reveals many cases where a document bodyis judged to be too small,

while the whole document is judged to be eitherE1 or E2, despite the fact that the sizes

of the document and its body are nearly the same. Given that the average size of an XML

document in the INEX 2005 IEEE document collection is 44 030 characters, we should ask

the question: How can a 40KB document body be so incomplete that it is judged to be too

small?

Another explanation of the observed inconsistencies in connection to the E? relevance

grade could be that assessors may have judged a document bodyto be too small in order to

�nish the assessment task with less e�ort, or that assessorsmay have (mis)understood the

CO+S task as the one where structural hints should only be interpreted as strict requirements.

These and similar examples suggest that assessors have their own interpretations of what too
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CO+S VVCAS

Value Total av size av prel Total av size av prel

(elements) (chars) (elements) (chars)

E? (too-small)

Mean 1706 190 0.97 5710 101 0.99

Minimum 2 4 0.59 2 7 0.91

Maximum 14 543 1 497 1.00 44 628 497 1.00

Median 392 72 1.00 2 422 74 1.00

StDev 3 281 359 0.08 9 118 104 0.02

E1

Mean 389 7 508 0.60 439 9 359 0.64

Minimum 14 497 0.20 8 1 738 0.21

Maximum 1 519 13 477 1.00 1 876 20 236 1.00

Median 251 7 177 0.59 365 7 835 0.71

StDev 378 3 379 0.19 415 5 156 0.20

E2

Mean 143 18 039 0.55 174 21 575 0.58

Minimum 2 2 686 0.16 14 3 746 0.19

Maximum 1 203 45 909 1.00 839 55 028 0.94

Median 46 17 297 0.50 53 16 832 0.54

StDev 237 10 961 0.20 222 12 550 0.19

Table 4.7: Statistical analysis of distribution of E? (too-small), E1, and E2 relevant elements

across the 29 CO+S and 34 VVCAS INEX 2005 topics. For a relevance grade, the Total

values show the actual number of relevant elements that belong to that grade, whileav size

and av prel represent averages for the size of the relevant elements (incharacters) and the

proportion of relevant information contained by the relevant elements, respectively. Mean

average values (calculated across all the CO+S or VVCAS topics) are shown in bold.
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small means; arguably, these interpretations could have an adverse e�ect on the retrieval

evaluation, especially in cases whereExhaustivity is given a high weight by an evaluation

metric.

We now undertake an analysis of the level of agreement between the two assessors of the

�ve double-judged topics at INEX 2005, to �nd whether there is further reason for ignoring

Exhaustivity during evaluation.

4.2.3 Analysis of the level of agreement

Four of the �ve topics double-judged at INEX 2005 are CO+S topics (numbers 209, 217, 234,

and 237), while one is a VVCAS topic (number 261). As shown in Table 4.8, we calculated

two separate assessor agreements: one at document level, and another at element level. The

[ values represent the number of unique relevant items (documents or elements) judged by

the two assessors, while\ values are the number of mutually agreed relevant items. The

level of assessor agreement is shown by the\ =[ values.

The assessor agreements shown in Table 4.8 are calculated for seven di�erent cases: once

for all relevant (non-zero) items, and for six other cases when relevant items belong to each of

the six relevance grades of the two INEX relevance dimensions. SinceSpeci�city at INEX 2005

was measured on a continuous [0-1] scale, we decided to dividethis scale to three equal

relevance sub-scales, and to assign the marginally speci�c (S1) items to the (0-0.33] scale,

the fairly speci�c ( S2) items to (0.33-0.67] scale, and the highly speci�c (S3) items to the

(0.67-1.00] scale. We have also experimented with using di�erent (three- and four-graded)

variations of relevance sub-scales forSpeci�city , and found that the choice of the sub-scale

does not in
uence the validity of the reported results.

At document level, the assessor agreement for non-zero documents (those documents

considered relevant by both assessors, irrespective of their relevance grades) varies from 19%

on topic 237, to 76% on topic 234. The mean document-level agreement between the two

assessors is 39%, which is greater than the value of 27% reported by Trotman [2005] on

the INEX 2004 topics, but lower than the three values | 49%, 43 %, and 42% | reported

by Voorhees [2000] on the TREC-4 topics. When considering document-level agreements on

individual relevance grades, we observe that the highest level of agreement between the two

assessors (31%) is on highly exhaustive (E2) documents.

At element level, the assessor agreement when all the non-zero elements are considered

varies from 12% on topic 209, to 49% on topic 234. The mean element-level agreement



128 CHAPTER 4. RELEVANCE IN XML RETRIEVAL

N
on-zero

E
?

E
1

E
2

S
1

S
2

S
3

Topic
(T

yp
e)

([
)

(\
)

(\
=[

)
(\

=[
)

(\
=[

)
(\

=[
)

(\
=[

)
(\

=[
)

(\
=[

)

D
o

cum
ent

level

209
(C

O
)

133
48

0.36
|

0.05
0.33

0.19
0.06

0.00

217
(C

O
)

58
19

0.33
0.00

0.10
0.17

0.00
0.00

0.19

234
(C

O
)

254
193

0.76
|

0.14
0.22

0.71
0.58

0.00

237
(C

O
)

134
25

0.19
|

0.09
0.13

0.19
|

|

261
(V

V
)

38
11

0.29
|

0.03
0.70

0.14
0.50

0.00

M
ean

123
59

0.39
0.00

0.08
0.31

0.25
0.28

0.05

E
lem

ent
level

209
(C

O
)

17
599

2
122

0.12
0.08

0.12
0.07

0.08
0.03

0.10

217
(C

O
)

10
441

1
911

0.18
0.17

0.01
0.06

0.00
0.01

0.18

234
(C

O
)

5
785

2
824

0.49
0.01

0.15
0.15

0.62
0.22

0.43

237
(C

O
)

1
630

220
0.13

0.02
0.10

0.11
0.14

0.05
0.09

261
(V

V
)

5
470

1
657

0.30
0.30

0.12
0.29

0.12
0.23

0.30

M
ean

8
185

1
747

0.24
0.12

0.10
0.14

0.19
0.11

0.22

Table
4.8:

D
ocum

ent-level
and

elem
ent-level

assessor
agre
em

ent
for

�ve
topics

double-judged
at

IN
E

X
2005.

A
greem

ents

are
calculated

on
all

relevant
(N

on-zero)
inform

ation
units

(docum
ent

or
elem

ents),
and

separately
on

units
that

belongto
a

relevance
grade

of
an

IN
E

X
2005

relevance
dim

ension.
For

an
IN

EX
2005

topic,
the

value
of[

represents
the

total
num

ber

of
unique

relevant
units

judged
by

the
tw

o
assessors,

w
hile\

show
s

the
num

ber
of

m
utually

agreed
relevant

units.
T

he\
=[

values
re
ect

the
level

of
agreem

ent
betw

een
the

tw
o

assesso
rs.

M
ean

average\
=[

values
are

show
n

in
bold.



4.2. ANALYSIS OF INEX 2005 RELEVANCE 129

between the two assessors is 24%, which is (again) greater than the value of 16% reported

by Trotman [2005] on the INEX 2004 topics. Unlike for the document-level agreements, the

agreement between the two assessors on individual relevance grades seems to be higher for

Speci�city rather than for Exhaustivity, with the highest level of agreement (22%) on highly

speci�c (S3) elements. We realise, however, that these values should betreated with care,

since results from only �ve topics | the only ones known to be d ouble-judged at INEX

2005 | are used in our analysis.

Although this analysis provides a useful insight into how the concept of relevance is

commonly understood by the INEX 2005 assessors, it still does not provide enough evidence

to answer the following question: is it easier for the assessor to be consistent while highlighting

relevant content, or while choosing anExhaustivity value using a three-graded relevance scale?

We believe that the �rst activity is a series of independentrelevant-or-not decisions, whereas

the second activity additionally involves comparison with other dependentdecisions, given

that the exhaustivity value for a parent element is always equal to or greater than the value

of any of its children.

Agreement on the highlighted relevant content

In Table 4.9 we present a �ne-grained analysis of the element-level assessor agreement, by

only considering those elements that were mutually agreed to be relevant by both assessors.

The methodology is as follows. First, we take all the judgements obtained from the �rst

assessor of the �ve INEX 2005 topics, and then for each topic we select only those relevant

(non-zero) elements that are also con�rmed to be relevant by the secondassessor. We refer to

these elements asmutually agreed(MA) elements. Next, for both Exhaustivity and Speci�city ,

we count how many of theMAelements belong to a particular relevance grade. For example,

Table 4.9 shows that the distribution of the 2 824 MAelements, judged by the �rst assessor

for topic 234, is as follows. ForExhaustivity, 878 are too small, 810 areE1, and 1 136 areE2

elements. ForSpeci�city , 782 areS1 elements, 145 areS2, and 1 897 areS3 elements. Last,

for an INEX 2005 topic and a relevance grade, we calculate theproportion of MAelements

that are also con�rmed to belong to the same relevance grade by the second assessor. These

numbers are then averaged across the �ve INEX topics. For example, for topic 234 the E1

relevance grade has the highest level (81%) ofMAelement agreement forExhaustivity (but

almost zero agreement forE?), while two relevance grades forSpeci�city , S1 and S3, have

almost perfect MAelement agreement.
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From the average numbers, we identify two cases where reasonable conclusions can be

drawn: the case of theE?relevance grade, with the average number of 1 194MAelements, and

the case ofS3 relevance grade, with the average number of 1 490MAelements. We observe

that (on average) only 58% of the MAelements judged to beE? by the �rst assessor were

also judged to beE? by the second assessor. This con�rms our previous conjecture that

the assessors do not agree on the exact interpretation ofE? (too small). Conversely, on

average 94% of theMAelements judged to beS3 by the �rst assessor were also con�rmed

to be S3 by the second assessor, indicating that assessors clearly agree on the highlighted

relevant content. The agreements forE1 (61%), E2 (54%), and for the other two Speci�city

relevance grades (65% and 51%, respectively) are more or less similar, however no reasonable

conclusions can be drawn due to the relatively small averagenumber of MAelements.

4.2.4 Concluding remarks on INEX 2005 relevance

In this section, we have studied the behaviour of assessors when judging the relevance of

returned elements for the INEX 2005 retrieval topics. We have also analysed the level of

assessor agreement on the �ve topics that were double-judgedat INEX 2005. Results ob-

tained from the analysis of the overall assessor behaviour revealed some inconsistencies in

connection with the too small relevance grade, which suggested that assessors had their own

interpretations of what too small means. Results obtained from the analysis of the level of

assessor agreement have demonstrated that there is good reason for ignoring Exhaustivity

during evaluation, since it appears to be easier for the assessor to be consistent when high-

lighting relevant content than when choosing one of the three exhaustivity values. More

speci�cally, on average only 58% of the elements judged to betoo small by the �rst assessor

were also con�rmed to be too small by the second assessor, while a very high percentage

(94%) of the elements judged to behighly speci�c by the �rst assessor were also con�rmed

to be highly speci�c by the second assessor. This suggests that INEX 2005 assessors agree

more on the highlighted relevant content then on the exact interpretation of too small.

The level of assessor agreement presented in this section was calculated on few INEX 2005

topics, and an analysis of more topics is needed to con�rm thesigni�cance of our �ndings.

Recently, Piwowarski et al. [2006] have also performed an extensive analysis of assessor judge-

ments found in the INEX 2005 relevance assessments. Resultsfrom their analysis revealed

that either the three Exhaustivity values could be reduced to two values, or theExhaustiv-

ity dimension could be completely dropped during assessment. This, they believe, would
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result in a reduced cognitive load on the assessor, and should further increase the level of

assessor agreement at INEX. Results from a related study have also suggested that the mea-

sured outcome should not be signi�cantly a�ected if Exhaustivity values are ignored during

evaluation [Ogilvie and Lalmas, 2006].

These �ndings indicate that a much simpler relevance scale,and therefore, a much simpler

relevance de�nition, would be a preferable choice for INEX and the �eld of XML retrieval.

Indeed, in their recent analysis of the user relevance judgements obtained from the INEX 2004

Interactive track, Pharo and Nordlie [2005] also observed the following:

A combined measure of relevance with so many alternatives asthe one used in this

experiment proves di�cult for the searchers to relate to. In further experiments

it might be fruitful to use another scale and resort to two separate assessments.

4.3 A topical-hierarchical relevance de�nition

In this section, we propose a new relevance de�nition for XML retrieval. We describe the

two dimensions of the new relevance de�nition, and its �ve-point nominal relevance scale.

To demonstrate the usefulness of the new relevance scale when applied to XML retrieval, we

also analyse user feedback gathered from the INEX 2005 Interactive track.

4.3.1 Relevance dimensions

Our new relevance de�nition has two relevance dimensions, which are described as follows.

� The �rst relevance dimension is based ontopical relevance and uses a three-graded

relevance scale, which determines whether an XML element iseither highly relevant,

relevant, or not relevant to an information need.

� The second relevance dimension is based only on the intrinsic hierarchical relationships

among the XML elements.

The �rst relevance dimension is directly inspired by the analysis of the level of agreement

between the assessor and the users on the INEX 2004 CO topics.Indeed, as demonstrated

in Section 4.1, the highest level of agreement was shown to beeither on highly relevant or

on non-relevant elements. However, in addition to the above two grades we also allow for a

middle relevance grade,relevant, to be incorporated in our �rst relevance dimension. This

is supported by the fact that | to explore the e�ect of incorpo rating only highly relevant
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documents in the retrieval evaluation | most recent web trac ks in TREC have adopted

a similar three-graded scale based on topical relevance [Voorhees, 2001]. Having only one

dimension based on topical relevance makes the new relevance de�nition to be more intuitive

than the INEX 2004 and 2005 relevance de�nitions, where bothrelevance dimensions are

based on topical relevance.

The second relevance dimension is based only on the hierarchical relationships which are

intrinsic to XML documents. O'Keefe [2005] analyses some properties of the INEX 2004 IEEE

document collection, and �nds that elements that are highly coupled to their context are more

di�cult to judge than elements with low coupling. The coupling between an element and

its context (usually its containing document) is de�ned as the extent to which the element

depends on the context. High coupling means that the elementis very dependent on its

context and it cannot make sense in its own. Low coupling means that the element does not

depend on its context and can represent an XML document on itsown. In this scenario, what

matters most is \not how big the fragments are but how tightly they are coupled to their

context" [O'Keefe, 2005]. O'Keefe also argues that the usefulness of the XML retrieval task

would also depend on the size of the retrieved information units; indeed, the appropriate units

of retrieval should be self-contained, with a reasonable size, and at the same time should have

some coupling to their containing documents. Trotman [2005] also examines these properties

in detail.

We follow the above reasoning and allow three grades for our second relevance dimension:

just right , too large, and too small. An XML element is just right if it is reasonably self-

contained, and at the same time has enough coupling to be bound to its containing XML

document. Alternatively, the element can be either too large or too small. An XML element

is too large if it is either too big to be examined as an answer, or its coupling is so low

that it can represent a free-standing XML document. An XML element is too small if it is

not self-contained and its content is highly dependent on thecontext (high coupling), which

makes it too small to be examined as an answer.

The second dimension of relevance is similar todocument coverageused in INEX 2002

to measure how speci�c (or focussed) an element was to the information need expressed

by an INEX 2002 topic [Kazai et al., 2004b]. List and de Vries [2002] describe a formal

approach to modelling the document coverage. In a similar way to our second dimension,

some aspects of document coverage depend on the context of the element; indeed, for a

too small element Kazai et al. [2004b] state that \the component is toosmall to act as a

meaningful unit of information when retrieved by itself". H owever, the other two relevance
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grades, too large and just right , were not explicitly captured by the document coverage

relevance dimension.

4.3.2 Relevance scale

As described above, our new relevance de�nition uses twodimensionsto calculate the assess-

ment score of an XML element.

The �rst relevance dimension determines the extent to whichan XML element contains

relevant information for the search task. It can take one of the following three values:

highly relevant, relevant, or not relevant. An element is highly relevant if it mainly contains

relevant information and does not contain too much non-relevant information. An element is

relevant if in addition to containing relevant information it also co ntains much non-relevant

information. An element is not relevant if it does not contain relevant information for the

search task.

The second relevance dimension determines the extent to which an XML element needs

the context of its containing XML document to make full sense as an answer. It can take one

of the following three values: just right , too large, or too small. An element is just right if it

is reasonably self-contained and it has enough coupling to bebound to its containing XML

document. An element is too large if it does not need the context of its containing XML

document to make full sense as an answer. An element istoo small if it can only make full

sense within the context of its containing XML document.

Thus, the �nal assessment score of an XML element can take oneof the following �ve

nominal values:

� Exact Answer (EA), if the XML element is just right and highly relevant;

� Partial Answer (PA), if the XML element is just right and relevant;

� Broad Answer (BA), if the XML element is too large and relevant;

� Narrow Answer (NA), if the XML element is too small and highly relevant; and

� Not Relevant (NR), if the XML element does not contain relevant information.

To demonstrate that the above scale is not hard for users to understand, we now present

an analysis of user feedback gathered for Task C of INEX 2005 Interactive track.
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Questions

Value Q4.5 Q4.6

Mean 2.51 2.96

Minimum 1 1

Maximum 5 5

Median 2 3

StDev 1.27 1.29

Table 4.10: Statistical analysis of user responses on questions Q4.5 and Q4.6, gathered

from 29 users that participated in Task C of INEX 2005 Interactive track. For both ques-

tions, users were required to choose from �ve available answers, ranging from 1 (\Not at

all"), through 3 (\Somewhat"), to 5 (\Extremely"). Mean ave rage values obtained for each

question are shown in bold.

4.3.3 User satisfaction

To measure the user satisfaction while using the new �ve-point relevance scale, users were

asked to provide answers to the following two questions:

� Was it hard to understand and use the �ve-point relevance scale? (questionQ4.5)

� Would it have been better if a simpler relevance scale was used instead? (questionQ4.6)

For both questions, users were required to choose from �ve available answers, ranging

from 1 (\Not at all"), through 3 (\Somewhat"), to 5 (\Extreme ly"). Table 4.10 shows an

analysis of the responses gathered from 29 users for the two questions. The relatively low

mean average value (2.51) of responses to questionQ4.5 shows that most users had little

di�culty in understanding the new �ve-point relevance scale . At the same time, the mean

average value of responses to questionQ4.6 (2.96) shows that users were somewhat divided

on whether it would have been better if a simpler relevance scale was used instead the �ve-

point scale. This suggests that a binary (or similar) relevance scale, such as the one based

on highlighting, may be a more intuitive choice.

Table 4.11 shows a more detailed analysis of the user responses to questionsQ4.5 and

Q4.6, allowing us to explore whether there is any correlation between the responses to the

two questions. We observe that, for questionQ4.5, around 83% of the users chose one of the

�rst three answers (1, 2, or 3), of which the largest number ofusers (48%) chose answer 2.
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Q4.6 answers

1 2 3 4 5 Total

1 4 0 1 1 0 6

2 1 4 3 3 0 11

Q4.5 answers 3 0 0 2 5 0 7

4 1 0 0 0 0 1

5 0 0 0 2 2 4

Total 6 4 6 11 2 29

Table 4.11: Number of users that chose a combination of responses on questionsQ4.5 and

Q4.6, used in Task C of INEX 2005 Interactive track.

Most of the users (67%) who chose answer 1 for questionQ4.5 also chose the same answer for

question Q4.6. Similar correlation between user responses is observed between answer 2 for

questionQ4.5 and answer 2 for questionQ4.6. We observe, however, that 5 of 29 users (17%)

chose answers 4 and 5 for questionQ4.5, and that most of them also chose these answers for

questionQ4.6. The above statistics therefore suggest that the majority of users participating

in Task C of the INEX 2005 Interactive track did not perceive t he new �ve-point relevance

scale to be very hard to use.

4.4 Experiments with the new relevance de�nition

In this section, we present experiments that demonstrate the usefulness of the new relevance

de�nition for XML retrieval. We compare the new relevance scale to both the INEX 2004

and 2005 relevance scales, and evaluate di�erent mappings between their relevance grades.

4.4.1 Comparison to the INEX 2004 relevance de�nition

Compared to the INEX 2004 relevance de�nition, the new relevance de�nition is much more

intuitive. Indeed, instead of having a 10-point relevance scale that uses various combinations

of grades from the two INEX 2004 relevance dimensions, the new relevance de�nition uses a

�ve-point relevance scale with the following grades:NR, PA, EA, BA, and NA.

More than one mappings may be possible between the INEX 2004 relevance de�nition

and the new one. For example, two reasonable mapping choicesbetween the two scales

are as follows: the mapping betweenNRand E0S0, which maps the non-relevant answers to
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the elements judged as both non-exhaustive and non-speci�c with the INEX 2004 relevance

scale; and the mapping betweenNAand E1S3, which maps the narrow answers to marginally

exhaustive and highly speci�c elements. While the �rst mapping is straightforward, the

second one is (at least) reasonable, since by de�nition thenarrow answers should not contain

any non-relevant information (S3), and by only discussing a few aspects of the underlying

information need (E1) they should also not make full sense as individual answers.

Apart from the above two mappings, choosing optimal mappings between the other grades

of the two relevance scales is not as straightforward. For example, there may be four reason-

able choices to map the exact (EA) answers: either as highly exhaustive and highly speci�c

(E3S3) elements, or as elements that belong to any of the followingthree combinations: E3S3

and E3S2; E3S3and E2S3; or E3S3, E3S2, and E2S3.

Table 4.12 shows 20 di�erent mappings between the INEX 2004 10-point relevance scale

and the new �ve-point relevance scale. We categorise the mappings into four mapping sce-

narios, corresponding to the four possible ways of mapping the exact answers. We use �ve

mappings for each scenario, derived from the way the broad answers (BA) are interpreted.

For example, with the M1mapping the BAelements are taken to represent marginally speci�c

(S1) elements, with M2they are mapped to the S2 elements, while with M3, M4, and M5they

are mapped to theE1, E2, and E3elements, respectively. As shown in the table, we use each

of the 20 mappings to re-calculate the overall level of agreement between the assessor and

the users for topics B1 and C2.

We observe that the highest overall agreement for topic B1 isachieved with mappingM20.

This mapping is interpreted as follows.

1. NR| > E0S0

2. EA| > E3S3, E3S2, E2S3

3. PA| > E2S2, E2S1, E1S2, E1S1

4. BA| > E3S1

5. NA| > E1S3

The highest overall agreement between the assessor and the users for topic C2 is achieved

with mapping M5. This mapping is very similar to mapping M20, except that here the exact

answers are only mapped to theE3S3elements, and the partial answers are additionally

mapped to the E3S2and E2S3elements.
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Interestingly, the highest level of agreement between the assessor and users for both topics

is achieved when theBAelements are mapped to the highly exhaustive and marginallyspeci�c

(E3S1) elements, which intuitively �ts perfectly with the BAde�nition (a broad answer should

contain much non-relevant information in addition to the contained relevant information).

However, the most important di�erence between the two optimal mappings for the two topics

is the way the EAelements are interpreted, which suggests that the topic category may have

in
uenced the types of elements that were perceived as most valuable answers by the assessor

and the users. More speci�cally, elements that belong to theE3S3relevance point appear to

be most valuable for the Comparison topic C2, whereas for theBackground topic B1 elements

that belong to three relevance points (E3S3, E3S2, and E2S3) appear to be the most valuable

element answers.

4.4.2 Comparison to the INEX 2005 relevance de�nition

A highlighting assessment task was used at the INEX 2005 Ad-hoc track to gather relevance

assessments for the retrieval topics [Lalmas and Piwowarski, 2005]. The highlighting assess-

ment task was also used at the INEX 2005 Multimedia (MM) track, with the exception that

assessors were not asked to assignExhaustivity values to highlighted elements [van Zwol et al.,

2006]. To �nd reasonable mappings between the values of the relevance scales respectively

used by our new relevance de�nition and the INEX 2005 relevance de�nition, we undertake a

comparative analysis of the relevance assessments obtained from the INEX 2005 Ad-hoc and

MM tracks, and the relevance judgements provided by users ofthe INEX 2005 Interactive

track.

Three tasks were explored in the INEX 2005 Interactive track[Larsen et al., 2006a]:

� Task A, where users searched six selected topics using a common baseline system with

the INEX 2005 IEEE XML document collection (this collection w as also used in the

INEX 2005 Ad-hoc track);

� Task B, where groups with a working interactive XML retrieva l system could test their

system against the baseline system [Kamps and Sigurbj•ornsson, 2006]; and

� Task C, where users searched eight selected topics using alternative system with the

Lonely Planet XML document collection (this collection was also used in the INEX 2005

MM track).

In the following analysis, we focus on results obtained fromTasks A and C.
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Non-zero Assessor judgements

User judgements Total MA E2 E1 E? avprel StDev Agreement

Relevant 486 352 256 96 0 0.57 0.32 0.73

Partial 388 202 142 60 0 0.49 0.27 0.30

Table 4.13: Statistical analysis of overall distribution of user and assessor judgements, cal-

culated across two General (G1 and G2) and two Challenging (C2 and C3) topics used in

Task A of INEX 2005 Interactive track.

Task A judgements

For Task A, six topics grouped in two categories (General andChallenging) were selected

for users, who were required to choose and search on only one topic per category. The six

topics were derived from selected topics used in the INEX 2005 Ad-hoc track. We analyse

relevance judgements obtained from a number of users for topics G1 (21 users) and G2 (18

users) of the General topic category, and relevance judgements for topics C2 (17) and C3 (26)

of the Challenging category. We chose these four topics as all of them have corresponding

assessor judgements available,3 which makes it possible to analyse and compare the extent

to which both assessors and users perceived the relevant elements for those topics. A simple

three-point relevance scale was used by users of Task A, with the following values: Relevant

(2), Partial (1), and Not Relevant (0). This relevance scale closely re
ects the one used

for the INEX 2005 Exhaustivity dimension. Our aim in the following analysis is to deduce a

relationship between the two points of this scale that were assigned torelevant elements by

users and the actual judgements assigned to the same elements by assessors.

Table 4.13 shows a statistical analysis of the overall distribution of user and assessor

judgements across the four topics. For a relevance grade (Relevant or Partial ), the Total

values show the total number of (non-zero) elements judged byusers across the four topics.

Of these elements, theMAvalues show the number of elements that were also mutually agreed

to be non-zero by the assessor. TheE2, E1, and E? values show the actual distribution of

assessor judgements on theMAelements. For example, of the total 486 elements judged as

Relevant by users, 352 were also judged as having non-zero relevance byassessors (denoted

3We used the relevance assessments that belong to the INEX 2005 CO+S topics 235 and 241 for topics

G1 and C2, and those that belong to the INEX 2005 VVCAS topics 256 and 257 for topics C3 and G2,

respectively.
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as MA). However, assessors did not always agree that these elements were Relevant (denoted

as E2 in the assessor judgements). In fact, 256 of the 352MA Relevantelements were judged

by assessors asE2, 96 were judged asE1, while none were judged asE? (too small). The

Agreement values show the actual agreement between users and assessors on a relevance

grade (for example, the overall agreement for theRelevant grade is 256=352 = 73%). As

shown in the table, for a relevance grade we also measure the average proportion of relevant

information contained by the agreed MAelements (av prel ) along with the corresponding

standard deviation (StDev).

The numbers shown in Table 4.13 suggest the following: �rst,the overall level of agree-

ment between assessors and users seems to be higher forRelevant than for Partial relevant

elements (73% compared to 30%); and second, the average proportion of relevant information

found for Relevant elements seems to be larger than forPartial elements (57% compared

to 49%). However, these observations should be treated withcare, since results from only

four topics are used in this analysis.

The �rst observation seems to be in line with our previous �nd ing on the INEX 2004

topics, where highly relevant elements were perceived better than partially relevant elements.

The second observation allows for a mapping to be established between the proportion of

relevant information contained by a relevant element and the two grades, exact (EA) and

partial ( PA), that can be assigned to the relevant element using our �ve-point relevance scale.

However, there are no indications as to how broad (BA) and narrow (NA) elements should be

mapped. Intuitively, from their de�nitions we expect the NAand the BAelements to contain

the highest and the lowest proportion of relevant information, respectively.

We now explain how these expectations were partly validatedby comparing the relevance

judgements provided by users in Task C of the INEX 2005 Interactive track with the relevance

assessments obtained for the INEX 2005 MM topics.

Task C judgements

For Task C, eight topics | some derived from the INEX 2005 MM tr ack topics | were

arbitrarily grouped in two categories. Users were asked to choose and search on two topics

in each category, and to judge relevance using our �ve-point relevance scale. We analyse

relevance judgements obtained from a number of users for topics LP1 (11) and LP2 (18) of

the �rst topic category, and relevance judgements for topics LP5 (22) and LP7 (13) of the
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Non-zero Assessor judgements

User judgements Total MA av prel StDev

Exact (EA) 59 17 0.59 0.40

Partial (PA) 93 9 0.22 0.37

Broad (BA) 120 39 0.09 0.23

Narrow (NA) 66 5 0.55 0.50

Table 4.14: Statistical analysis of overall distribution of user and assessor judgements, calcu-

lated across four topics (LP1, LP2, LP5, and LP7) used in TaskC of INEX 2005 Interactive

track.

second category. These four topics also have assessor judgements available.4

Table 4.14 shows a statistical analysis of the overall distribution of user and assessor

judgements calculated across the four topics. We observe that the number of user judgements

is highest for the broad (BA) elements, and that these elements also have the highest number

of mutually agreed relevant (MA) elements. As expected, on average theBAelements contain

a very small proportion of relevant information (9%), and, for most of the mutually agreed

BAelements, the proportion of found relevant information falls in the range 0%{32%. For

the EAelements, the average proportion of relevant information is similar to that observed

for Relevant elements in Task A (Table 4.13), whereas forPAand NAelements we observe

a di�erent proportion of relevant information than that rep orted (and expected) previously.

This can be attributed to the very low number of mutually agreed relevant elements.

Mapping

In light of these statistics, a reasonablemapping between the full continuous relevance scale

of the INEX 2005 Speci�city dimension and our �ve-point nominal relevance scale could be

represented as follows:

1. EA 2 (0:66; 1:00]

2. PA 2 [0:33; 0:66]

3. BA 2 (0:00; 0:33)

4We used the relevance assessments for INEX 2005 MM topics 4 and 21 for topics LP1 and LP2, and for

INEX 2005 MM topics 6 and 25 for topics LP5 and LP7, respectively.
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Exact

Partial

Broad

Narrow
bdy[1]
(0.47)

article[1]
(0.41)

bm[1]
(0.28)

sec[1]
(0.31)

sec[2]
(1.00)

app[1]
(0.43)

p[1]

(0.77) p[2]st[1]
(1.00) (1.00)

(1.00)

p[3]

Figure 4.5: Identifying Exact, Partial, Broad, and Narrow re levant elements from relevance

assessments for INEX 2005 CO+S topic 203 and documentco/2000/r7108 . For each ele-

ment, the number in parentheses shows the proportion of contained relevant information.

4. NA = 1 :00

5. NR = 0 :00

In this mapping, there may be cases where bothEAand NAelements are mapped as highly

speci�c (1.00) elements. This property | illustrated in gre ater detail in Figure 4.5 | is an

important property of the above mapping, which as we discussnext primarily ensures to

correctly identify the NAelements.

Figure 4.5 shows how the proposed mapping can be used to identify the four types of

answer elements from the sample of relevance assessments for document co/2000/r7108 of

the INEX 2005 CO+S topic 203 (the sample is shown in Figure 2.1). The �gure shows 10

relevant elements, and for each element the number in parentheses shows the proportion

of contained relevant information. An element is identi�ed as a NAelement if it contains

only relevant information (1.00) and at the same time its parent also contains only relevant

information. There are two such elements shown in Figure 4.5(st[1] and p[2] ). However,

although two elements, sec[2] and p[3] , also contain only relevant information, both are

nevertheless identi�ed as EA elements. The above example also shows that the document

element (article ) needs not always be identi�ed as aBAelement; indeed, it is the proportion
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of contained relevant information in the element that determines its element type. Next, we

use the proposed mapping and the INEX 2005 relevance assessments to �nd the actual

distribution of the four element types across the INEX 2005 CO+S and VVCAS topics.

INEX 2005 CO+S and VVCAS judgements

Table 4.15 shows a statistical analysis of the distributionof EA, PA, BAand NArelevant elements

across the 29 CO+S and 34 VVCAS5 topics at INEX 2005, when using the proposed mapping.

As expected, the assessment trends are clear for both types of topics: the NAelements are the

most common, the smallest in size, and contain only relevantinformation. The PAelements

are the least common elements, while theBAelements are the largest in size, and contain the

smallest proportion of relevant information. The EAelements are smaller in size than thePA

elements, but contain higher proportion of relevant information.

To investigate the relationship between the four relevancegrades and the three values of

the INEX 2005 Exhaustivity dimension, we also analyse the distribution of the threeExhaus-

tivity values across the four types of relevant elements. Table 4.16 shows this distribution,

which is calculated separately for the INEX 2005 CO+S and theVVCAS topics. We observe

that for the INEX 2005 CO+S topics the majority of EAelements were judged as partially

exhaustive (E1), while for the INEX 2005 VVCAS topics most of the EAelements were judged

as too small. This is somewhat surprising, showing that (on average) INEX 2005 assessors

considered the elements that contain most of the highlighted content to either discuss only

some aspects of the underlying information need, or to be toosmall to be regarded as mean-

ingful answers. The partially exhaustive (E1) elements also represent the majority in both

cases ofPAand BAelements, while not surprisingly, most of theNAelements were correctly

judged to be too small.

4.5 Summary

In this chapter we presented an empirical analysis of what the experience of assessors and

users suggests about howrelevanceshould be de�ned (and measured) in XML retrieval. We

have analysed both the INEX 2004 and 2005 relevance de�nitions, and have proposed and

evaluated a new topical-hierarchical relevance de�nition for XML retrieval.

We have demonstrated that thecommon aspectin
uencing the choice of combining grades

from the two INEX 2004 relevance dimensions is the fact that the users and assessors can not
5We analyse relevance assessments for both parent and child VVCAS topics.
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CO+S VVCAS

Value Total av size av prel Total av size av prel

(elements) (chars) (elements) (chars)

EA

Mean 332 1 145 0.98 572 1 960 0.98

Minimum 17 155 0.95 23 29 0.90

Maximum 1 568 7 250 1.00 3 440 9 329 0.99

Median 269 800 0.98 375 965 0.98

StDev 355 1 318 0.01 693 2 191 0.02

PA

Mean 61 6 369 0.48 70 10 556 0.48

Minimum 1 489 0.43 3 81 0.44

Maximum 271 26 379 0.55 295 40 798 0.59

Median 32 2 969 0.47 48 5 636 0.48

StDev 73 7 374 0.02 64 10 161 0.03

BA

Mean 204 19 367 0.11 186 25 351 0.13

Minimum 13 10 225 0.08 16 8 371 0.03

Maximum 995 39 345 0.17 615 47 955 0.19

Median 105 17 054 0.11 130 23 303 0.12

StDev 238 6 933 0.02 150 10 789 0.04

NA

Mean 1 635 92 1.00 5 493 97 1.00

Minimum 13 9 1.00 1 9 1.00

Maximum 13 994 272 1.00 44 600 283 1.00

Median 234 75 1.00 2 318 85 1.00

StDev 3 252 59 0.00 9 056 70 0.00

Table 4.15: Statistical analysis of the distribution of EA, PA, BA and NArelevant elements

across the 29 CO+S and 34 VVCAS INEX 2005 topics. For a relevance grade, the Total

values show the actual number of relevant elements that belong to that grade, whileav size

and av prel represent averages for the size of the relevant elements (incharacters) and the

proportion of relevant information contained by the relevant elements, respectively. Mean

average values (calculated across all the CO+S or VVCAS topics) are shown in bold.
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CO+S VVCAS

Value Exhaustivity Exhaustivity

Total E2 E1 E? Total E2 E1 E?

EA

Mean 332 0.16 0.48 0.36 571 0.19 0.35 0.46

PA

Mean 61 0.32 0.63 0.05 70 0.35 0.57 0.08

BA

Mean 204 0.27 0.69 0.04 186 0.28 0.68 0.04

NA

Mean 1 635 0.08 0.11 0.81 5 493 0.02 0.07 0.91

Table 4.16: Statistical analysis of distribution of three Exhaustivity values across theEA, PA,

BA and NArelevant elements found for the 29 CO+S and 34 VVCAS INEX 2005 topics.

For each of the four types of relevant elements, theTotal values show the actual number of

relevant elements, whileE2, E1 and E? represent values for the proportion of those relevant

elements that were assigned a corresponding Exhaustivity value. The highest distributions are

shown in bold.

make a clear distinction between the two dimensions (since they are both based on topical

relevance). Moreover, we have observed that the highest level of agreement between the

assessor and the users was respectively on highly relevant (E3S3) and on non-relevant (E0S0)

elements, which shows that the end points of the relevance scale were clearly perceived.

However, the other points of the 10-point relevance scale were not perceived as well. When

the two INEX 2004 relevance dimensions were analysed separately, we observed that there is

more agreement forExhaustivity than for Speci�city . The most likely reason for this is that

users and assessors seemed to have had greater di�culty in understanding the Speci�city

dimension at INEX 2004.

We have shown that the common assessor understanding of the two INEX 2005 relevance

dimensions was quite di�erent than the understanding of thetwo INEX 2004 relevance dimen-

sions. Indeed, mostly due to the highlighting assessment task used at INEX 2005,Speci�city

was better understood thanExhaustivity. More speci�cally, results from our analysis of the

level of assessor agreement on the �ve topics double-judged at INEX 2005 suggested that
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there is good reason for ignoringExhaustivity during evaluation, since it appears to be easier

for the assessor to be consistent when highlighting relevant content than when choosing one

of the three exhaustivity values.

The above �ndings, obtained from our empirical analysis of the two INEX 2004 and 2005

relevance de�nitions, revealed that a much simpler relevance scale, and therefore, a much

simpler relevance de�nition, would have been a preferable choice for INEX and the �eld of

XML retrieval. We have presented one such relevance de�nition for XML retrieval, which

uses a �ve-point nominal relevance scale to obtain an assessment score for an XML element.

There is a recent argument that a complex relevance scale maylead to an increased level

of obtrusiveness in interactive user environments [Larsenet al., 2005]. We demonstrated that

the newly proposed relevance scale was successfully used for the purposes of Task C in the

INEX 2005 Interactive track, where users did not �nd it to be v ery hard to understand. We

also compared the new relevance de�nition with those used atINEX 2004 and 2005. Our

repeated analysis of the level of assessor and user agreement on two INEX 2004 Interactive

topics showed that, of all the possible mappings between thenew �ve-point relevance scale

and the INEX 2004 10-point relevance scale, the optimal mappings do indeed validate the

usefulness of the new relevance scale. Importantly, by comparing the assessor judgements

on selected INEX 2005 topics with the user judgements on corresponding topics used in

the INEX 2005 Interactive track, we have also empirically established a mapping between

our new relevance scale and the INEX 2005 continuousSpeci�city scale. This mapping is

important, since Speci�city will be used as the only relevance dimension in INEX 2006:6

Relevance in INEX is de�ned according to the notion of speci�city , which de-

scribes the extent to which the document component focuses on the topic of

request. This de�nition was adopted after a number of studies that showed that

in terms of retrieval e�ectiveness, the same conclusions could be in most cases

generated from using the speci�city dimension of relevancecompared to using

more complex de�nitions.

In the next chapter, we present a new evaluation metric for XML retrieval that uses only

Speci�city (or the amount of highlighted text) to evaluate XML retrieva l e�ectiveness.

6M. Lalmas and B. Piwowarski, \INEX 2006 relevance assessment guide". Avail able at: http://inex.is.

informatik.uni-duisburg.de/2006/adhoc-protected/assessments.html (INEX authentication required).



148 CHAPTER 4. RELEVANCE IN XML RETRIEVAL



Chapter 5

Evaluation of XML Retrieval

How to properly evaluate XML retrieval e�ectiveness is an open issue in INEX and among

the XML retrieval research community. In this chapter, we propose a new evaluation metric

for XML retrieval. We perform an extensive analysis of the performance of simulated runs to

demonstrate the �delity of the new metric, and through a comparative analysis to two o�cial

INEX 2005 metrics we show that it measures similar retrievalbehaviour to that measured by

the two INEX 2005 metrics. Results from our reliability test s also demonstrate that the new

metric is as stable as the two INEX 2005 metrics at predictingrelative system behaviour on

previously unobserved topics.

We contend that the purpose of an XML retrieval system is to identify and retrieve

elements that contain as much relevant information as possible, without also containing a

substantial amount of non-relevant information. To measure the extent to which an XML

retrieval system returns relevant information, we proposean evaluation methodology that

considers only theSpeci�city value of a retrieved element (the amount of highlighted relevant

text in the element), without considering its Exhaustivity value (the extent to which the

element is relevant). This is supported by the fact that, from 2006, the INEX relevance

de�nition will only use Speci�city as a relevance dimension. Moreover, results from our

analysis of the level of assessor agreement across the �ve topics double-judged at INEX 2005

(shown in Section 4.2) have also suggested that assessors perceive Speci�city better than

Exhaustivity.

In Section 5.1 we introduceHiXEval (pronounced hi{ex{eval) | an Eval uation metric for

XML retrieval that extends the traditional de�nitions of pre cision and recall to include the

knowledge obtained from the INEX 2005 Highlighting assessment task. We recognise that

149
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there are no absolute criteria for the choice of a metric for XML retrieval. However, through

our �delity tests carried out in Section 5.2 we show that HiXEval meets all the requirements

needed for an unbiased XML retrieval evaluation, and in Section 5.3 we further demonstrate

that | given the strong correlation of its rank orderings to t he ones obtained by twoXCG

metrics, and its high reliability at distinguishing between di�erent retrieval runs | it can be

used to evaluate XML retrieval e�ectiveness.

5.1 HiXEval: Highlighting XML retrieval evaluation

In this section, we describe our proposal for an evaluation metric for XML retrieval that is

based solely on the highlighted text. We �rst list the underl ying evaluation assumptions, and

then present a formal de�nition of our proposed evaluation metric.

5.1.1 Assumptions

Our proposal for an alternative metric for XML retrieval is m otivated by the need to simplify

XML retrieval evaluation, as well as the need to use a metric that is conformant to the

well-established evaluation measures used in traditional information retrieval. The metric

considers the following evaluation assumptions.

1. Relevance of an element is independent on the relevance of any other element. This

assumption allows elements in the ranked list to be inspected independently during

evaluation. An element in the list is assigned a unique rank,and weak ordering of

elements is not supported.

2. The level of overlap among retrieved elements is either considered or ignored during

evaluation. When overlap is considered by the metric, systems that do not return

overlapping elements will not be penalised as in the case when overlap is ignored.

3. Elements do not represent retrieval units of equal size. This assumption allows sizes of

retrieved elements to be taken into account during evaluation.

4. Retrieved elements are presented either in linear fashion or they are grouped by their

containing documents. This allows for two result presentational modes, linear result

presentation and group result presentation, to be separately supported by the metric

during evaluation.
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We now formally de�ne an evaluation metric for XML retrieval that uses only Speci�city

to evaluate XML retrieval e�ectiveness.

5.1.2 Formal de�nition

The HiXEval metric credits systems for retrieving elements that containas much highlighted

(relevant) textual information as possible, without also containing a substantial amount of

non-relevant information. To measure the extent to which an XML retrieval system returns

relevant information, we take into account only the amount of highlighted text in a retrieved

element. We modify the traditional de�nitions of precision and recall as follows.

P recision =
amount of relevant information retrieved

total amount of information retrieved

Recall =
amount of relevant information retrieved

total amount of relevant information
So, instead of counting the number of relevant documents retrieved, HiXEval measures

the amount of relevant (highlighted) text retrieved. More f ormally, let er be an element

assigned to a rankr in a ranked list of elementsR returned by an XML retrieval system.1

Three distinct scenarios are possible for this element wheninspecting the ranked list R :

1. er is a not-yet-seen element (NS);

2. er has previously been fully seen (FS); and

3. er is an element-part that has been in part seen previously (PS).

Let rsize(er ) be the amount of highlighted (relevant) text contained by er (if there is no

highlighted text in the element, rsize(er ) = 0). To measure the value of retrieving relevant

information from er , we de�ne the relevance value functionrval (er ) as:

rval (er ) =

8
>>>>>>>>>>><

>>>>>>>>>>>:

rsize(er ) if er is NS

rsize(er ) � � � rsize(er ) if er is FS

rsize(er ) � � �
P

ei 2R r

rsize(ei ) if er is PS

1At INEX 2005, jRj = 1 500 elements.
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In the case whener has been in part seen previously (PS), R r represents a list of elements

ei , which are descendants of the partially seen elementer , and which may have previously

been retrieved at rank i (1 � i < r ).

The parameter � is a weighting factor that represents the importance of retrieving non-

overlapping elements in the ranked list. By introducing � in the rval (er ) function, dif-

ferent user attitudes towards overlap could be represented. For example, with � set to 1

(overlap=on ), the behaviour of users who do not tolerate overlap could bemodelled, which

in turn ensures that the system will only be credited for retrieving relevant information that

has not been previously retrieved by other overlapping elements. Conversely, with � set to 0

(overlap=off ) the behaviour of tolerant users could be modelled, which ensures that the

system is always credited for retrieving relevant information, regardless of whether the same

information has previously been retrieved.2

Let size(er ) be the total number of characters contained byer , and let T rel be the total

amount of (highlighted) relevant information for a given to pic. Depending on the overlap

setting (the � value), two T rel values are used by the metric. If� = 1, then T rel is the total

number of highlighted characters across alldocuments. This means that the total amount

of highlighted relevant information for the topic represents the sum of the sizes of the (non-

overlapping) highlighted passages contained by all the relevant documents. Conversely, if

� = 0, then T rel is the total number of highlighted characters across allelements. In this

case, the total amount of highlighted relevant information for the topic represents the sum

of the sizes of the (overlapping) highlighted passages contained by all the relevant elements.

The di�erence between the two cases is that in the �rst case weuse non-overlapping passages

to calculate the total amount of highlighted relevant infor mation for the topic, whereas in the

second case we use overlapping passages (contained by all the overlapping relevant elements)

to achieve the same goal.

Measures at rank cuto�s for linear result presentation

We measure the fraction ofretrieved relevant information at rank r as:

P@r =

rP

i =1
rval (ei )

rP

i =1
size(ei )

(5.1)

2 It may be interesting to explore fractional � values in the interval � 2 (0; 1), but that is beyond the scope

of this proposal.
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The P@r measure ensures that, to achieve a highprecision value at rank r , the elements

retrieved up to and including that rank need to contain as little non-relevant information as

possible.

To correctly calculate the denominator in the formula shown in Equation 5.1, we would

need information about the sizes of all XML elements in the collection. However, the relevance

assessments for INEX 2005 topics do not contain informationabout sizes of non-relevant ele-

ments, and | due to a number of non well-formed parsing errors found for XML documents

in the Wikipedia collection | implementing this would be di� cult (furthermore, such im-

plementation could substantially increase the evaluationtime). So instead we implement the

P@r approximation shown in Equation 5.2, which always assignsrval (ei ) = 0 to non-relevant

elements and therefore does not need information about their sizes:

P@r =
1
r

�
rX

i =1

rval (ei )
size(ei )

(5.2)

We measure the fraction ofrelevant information retrieved at rank r as:

R@r =
1

T rel
�

rX

i =1

rval (ei ) (5.3)

The R@r measure ensures that, to achieve a highrecall value at rank r , the elements

retrieved up to and including that rank need to contain as much relevant information as

possible.

For a rank r , the two precision and recall values can be combined in a single value using

the F-measure (theharmonic mean) as follows.

F@r =
2 � P@r � R@r
P@r + R@r

(5.4)

By comparing the F@rvalues obtained from di�erent systems, it would be possibleto see

which system is more capable of retrieving as much relevant information as possible, without

also retrieving a substantial amount of non-relevant | or eve n redundant | information.

With the measures at rank cuto�s, the performance across a set of topics is reported by

calculating the mean of the values obtained by a measure for each individual topic.

Overall performance measures for linear result presentation

In addition to the measures at rank cuto�s, for a given topic we can also calculate values for

two overall performance measures: average precision (AP) and R-precision (RP).
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The average precisionAP is a measure that combines precision and recall to produce

a single value for the overall performance of an XML retrieval system. With HiXEval , we

calculateAPas follows. First, the precision is calculated at each natural recall level (after each

relevant element is retrieved). If a relevant element is notretrieved, the precision is taken

to be zero. The precision values are then averaged such that asingle value for the overall

retrieval performance is produced for a topic. Letrel i indicate the relevance of an element

assigned to the ranki , such that rel i = 0 if the element does not contain any highlighted

information, and rel i = 1 if there is a highlighted information contained by the element. We

formally de�ne APas follows:

AP=

jRjP

i =1
rel i � P@i

jRjP

i =1
rel i

�

jRjP

i =1
rval (ei )

T rel
=

jRjP

i =1
rel i � P@i

jRjP

i =1
rel i

� R@jRj (5.5)

The HiXEval AP de�nition is compatible with the APde�nition used in traditional infor-

mation retrieval (see Equation 2.7 in Section 2.3); indeed,in both cases recall boundsAP.

That is, an XML retrieval system whose recall at the bottom of the ranking (R@jRj ) is x,

can at best attain an APof x.

The R-precision (RP) measures precision at the lowest rank where the total amount of

retrieved information is at least the size of T rel (the total amount of relevant information

for the topic). We formally de�ne RPas follows:

RP= P@n (5.6)

where 1� n � jRj , and n is the lowest rank for which
nP

i =1
size(ei ) � T rel . If T rel is greater

than the total amount of information retrieved for a topic, t hen the non-retrieved information

is assumed to be non-relevant.

To report the overall performance across a set of topics, we also calculate values forMAP

and R-prec , which represent mean average precision (calculated at natural recall levels) and

mean R-precision, respectively.

Measures for group result presentation

To support group result presentation, two evaluation scores are calculated byHiXEval : an

article-level score and an element level score.
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To calculate the article-level score, the recall-base is �ltered such that only the relevant

full article elements remain in the recall-base. For an INEX topic, a list of articles is derived

from a system run, and this list is then compared against the list of relevant articles found in

the recall-base. To calculate theelement-levelscore, each article cluster containing grouped

elements is examined individually during evaluation. That is, the list of elements returned

for an article is directly compared against the list of relevant elements found in the recall-base

of the article cluster, and performance scores for each cluster are calculated. These scores

are averaged over all clusters and then over all queries.

Three performance measures are used byHiXEval to support evaluation when resulting

elements are grouped by their containing articles:

� Prec, which for the element-level score measures precision at �nal rank for each article

cluster, averaged over all clusters and then over all topics. For the article-level score,

Prec measures precision at �nal article-rank cuto� (1 500).

� Rec, which for the element-level score measures recall at �nal rank for each article

cluster, averaged over all clusters and then over all topics. Similarly as Prec, for the

article-level scoreRecmeasures recall at �nal article-rank cuto� (1 500).

� MAP, which for the element-level score represents an average of the precisions calculated

after each relevant element in the article cluster is retrieved, averaged over all clusters

and then over all topics. For the article-level score,MAPsimply represents mean of the

average precisions calculated at each natural recall level(after each relevant article is

retrieved).

5.2 Fidelity tests

To test the �delity of the proposed metric (or to check if HiXEval indeed measures what it

is intended to measure), we use the INEX 2005 CO+S topics to measure the performance of

simulated runs when considering two retrieval tasks: asystem-orientedtask, where all the

(overlapping) judged relevant elements are considered in the recall-base during evaluation;

and a user-oriented task, where only selected (non-overlapping) judged relevant elements are

considered in the recall-base. For the system-oriented task,we also measure the retrieval per-

formance in two separate evaluation cases: the case ofoverlap=on (� = 1), where retrieving

overlapping relevant information is penalised by the metric; and the case ofoverlap=off

(� = 0), where retrieving overlapping relevant information is allowed. We use at-test to
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check whether the observed di�erence in performance between a pair of runs is statistically

signi�cant ( p < 0:05).

5.2.1 Simulated runs

In Section 4.4 we have presented a statistical analysis of the overall distribution of exact

(EA), partial ( PA), broad (BA), and narrow (NA) relevant elements in the INEX 2005 rele-

vance assessments. To investigate which of these four element types yields the best value in

retrieving relevant information, four of our simulated run s are created by only considering

relevant elements that belong to each of these four element types (we denote these runs as

EA, PA, BA, and NA, respectively). The distribution of relevant elements that belong to these

four element types for the INEX 2005 CO+S topics is presentedin Table 4.15 (Section 4.4).

In addition to these four runs, for an INEX 2005 CO+S topic we also create the following

three simulated runs:

� Passage, which is a pseudo run that only includes the highlighted (relevant) passages.

To create thePassagerun, we constructed (provisional) elements with sizes thatstrictly

match the sizes of the highlighted passages. These passage elements were then included

in the list of answer elements of thePassagerun. The recall-base in this case is created

by the information included in passage tags found in the relevance assessments for the

INEX 2005 CO+S topic (see Figure 2.1).

� FullRB , which includes all the relevant elements found in relevantdocuments.

� BEP, which includes those relevant elements that are estimatedto be the best entry

point elements for a relevant document.

The BEPelements are identi�ed to be the elements from which the relevant document

content could easily be browsed or accessed [Kazai et al., 2002]. However, in this analysis

we use a somewhat di�erent interpretation of the BEPelements. For a relevant document,

we take the BEPelements to represent thebest in contextelements, which are the elements

that bring the best value in retrieving relevant informatio n. With this interpretation, our

BEPelements are similar to the elements that belong to the PBEP category, as identi�ed in

a recent study by Kazai and Ashoori [2006].

The methodology we use to identify theseBEPelements is as follows. First, for a relevant

element in a document we calculate the harmonic mean (theF-value) between its precision
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(the proportion of relevant information to all the informat ion contained by the element) and

its recall (the proportion of relevant information contain ed by the element to all the relevant

information found in the document). We then rank the relevant elements in descending order

of calculated harmonic mean values. Last, starting from thehighest ranked element, we �lter

all the list elements that either contain or are contained by that element. We end up with

a list of (one or more) non-overlapping elements that containall or most of the highlighted

relevant information for that document. It is these elements we consider to represent BEP

elements.3

Table 5.1 shows a statistical analysis of the distribution of relevant passages (Passage),

best entry point elements (BEP), and all the relevant elements (FullRB ) across the INEX 2005

CO+S topics. We observe that, for an INEX 2005 CO+S topic, there are on average more

relevant passages thanBEPelements, and that a relevant passage is typically smaller in size

than a BEPelement. These statistics show that, for some INEX 2005 CO+Stopics, one

or more relevant passages are contained by aBEPelement, which | provided that those

BEPelements do not contain too much non-relevant information | s uggests that identifying

the BEPelements would bring better value in retrieving relevant information than separately

identifying the relevant passages. We validate this hypothesis later in this section. The above

statistics also show that on average 2 233 elements were judged as relevant for an INEX 2005

CO+S topic, with an average size of 3 391 characters, of which78% is relevant information.

Table 5.2 shows a description of the seven simulated runs we consider for evaluation.

The sample of the relevance assessments for documentco/2000/r7108 of the INEX 2005

CO+S topic 203 (shown in Figure 2.1) is used as a recall-base inthis example. The total

relevant information highlighted for this document is 5 494characters. The information items

of each run (elements or passages) are ordered by decreasingvalues of the harmonic mean

(F) between the precisionP (calculated as arsize to size ratio) and the recall R(calculated

as a ratio of rsize to the total relevant information highlighted in the docume nt). We

observe that two elements,bdy and app, are the only BEPelements found for the document;

however, depending on the highlighted relevant information in the document, more speci�c

elements (such assec or p) could also representBEPelements. We also observe that both

3The BEPelements are similar to the Coherent Retrieval Elements (CREs, d e�ned in Subsection 3.2.1)

in that both represent contextual elements; that is, both types of elements tend to be less speci�c elements.

However, the main di�erence between them is that for BEPelements we explicitly use the information about

the proportion of the highlighted text contained in an element, while f or the CREs we use the information

about the number of descending matching elements that contain at least one query term.
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CO+S

Value Total av size av prel

(elements) (chars)

Passage

Mean 148 2 154 1.00

Minimum 7 229 1.00

Maximum 596 17 062 1.00

Median 74 776 1.00

StDev 161 3 356 0.00

BEP

Mean 125 2 890 0.84

Minimum 12 445 0.46

Maximum 648 16 627 0.99

Median 67 1 382 0.88

StDev 142 3 552 0.14

FullRB

Mean 2 233 3 931 0.78

Minimum 76 388 0.32

Maximum 15 312 13 938 1.00

Median 777 3 523 0.81

StDev 3 429 2 716 0.17

Table 5.1: Statistical analysis of distribution of passages (Passage) , best entry point ele-

ments (BEP), and all relevant elements(FullRB) across the 29 INEX 2005 CO+S topics.

Total shows the actual number of relevant elements or passages, while av size and av prel

represent averages for the size of relevant elements or passages (in characters) and the pro-

portion of the contained relevant information, respectively. Mean average values (calculated

across all topics) are shown in bold.
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Rank XPath size rsize P R F

Passage: Highlighted passages

1. start: /article[1]/bdy[1]/sec[2]/st[1]

end: /article[1]/bdy[1]/sec[2]/p[4]/text()[1].378 2 064 2 064 1.00 0.38 0.55

2. start: /article[1]/bdy[1]/sec[4]/st[1]

end: /article[1]/bdy[1]/sec[4]/p[3]/text()[1].694 1 945 1 945 1.00 0.35 0.52

3. start: /article[1]/bm[1]/app[1]/p[3]/text()[1].0

end: /article[1]/bm[1]/app[1]/p[4]/text()[1].462 900 900 1.00 0.16 0.28

4. start: /article[1]/bdy[1]/sec[1]/p[1]/text()[1].123

end: /article[1]/bdy[1]/sec[1]/p[1]/text()[2].11 408 408 1.00 0.07 0.13

5. start: /article[1]/bdy[1]/sec[6]/ip1[1]/text()[1].0

end: /article[1]/bdy[1]/sec[6]/ip1[1]/text()[1].176 177 177 1.00 0.03 0.06

BEP : BEP elements

1. /article[1]/bdy[1] 9 797 4 594 0.47 0.84 0.60

2. /article[1]/bm[1]/app[1] 2 085 900 0.43 0.16 0.24

FullRB : All relevant elements

1. /article[1]/bdy[1] 9 797 4 594 0.47 0.84 0.60

2. /article[1] 13 556 5 494 0.41 1.00 0.58

3. /article[1]/bdy[1]/sec[2] 2 064 2 064 1.00 0.38 0.55

4. /article[1]/bm[1]/app[1] 2 085 900 0.43 0.16 0.24

5. /article[1]/bdy[1]/sec[2]/p[2] 738 738 1.00 0.13 0.23

6. /article[1]/bm[1] 3 267 900 0.28 0.16 0.20

7. /article[1]/bm[1]/app[1]/p[3] 438 438 1.00 0.08 0.15

8. /article[1]/bdy[1]/sec[1]/p[1] 531 408 0.77 0.07 0.13

9. /article[1]/bdy[1]/sec[1] 1 301 409 0.31 0.07 0.11

10. /article[1]/bdy[1]/sec[2]/st[1] 30 30 1.00 0.01 0.02

EA : EA relevant elements

1. /article[1]/bdy[1]/sec[2] 2 064 2 064 1.00 0.38 0.55

2. /article[1]/bm[1]/app[1]/p[3] 438 438 1.00 0.08 0.15

3. /article[1]/bdy[1]/sec[1]/p[1] 531 408 0.77 0.07 0.13

PA : PA relevant elements

1. /article[1]/bdy[1] 9 797 4 594 0.47 0.84 0.60

2. /article[1] 13 556 5 494 0.41 1.00 0.58

3. /article[1]/bm[1]/app[1] 2 085 900 0.43 0.16 0.24

BA : BA relevant elements

1. /article[1]/bm[1] 3 267 900 0.28 0.16 0.20

2. /article[1]/bdy[1]/sec[1] 1 301 409 0.31 0.07 0.11

NA : NA relevant elements

1. /article[1]/bdy[1]/sec[2]/p[2] 738 738 1.00 0.13 0.23

2. /article[1]/bdy[1]/sec[2]/st[1] 30 30 1.00 0.01 0.02

Table 5.2: Simulated runs created from a recall-base for INEX2005 CO+S topic 203 and

document co/2000/r7108 (5 494 highlighted characters). For a relevant element or passage,

values for its rank, XPath, size, relevant size, precision (P), recall ( R), and harmonic mean

(F) are shown. Information units in a run are ordered by decreasing F values.
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BEPelements found for documentco/2000/r7108 represent partial answers (PA); however,

as we demonstrate later in this section, theBEPelements are more likely to represent exact

(EA) elements than PA, BA, or NAelements.

For a simulated run and an INEX 2005 CO+S topic, at most 1 500 information items

(elements or passages) are considered in the �nal answer list. The information items in a run

are ordered by decreasing values of the harmonic mean between precision and recall, where

the total relevant information found for the topic is used to calculate the recall component.

With the exception of the BEPrun, overlapping answer elements are contained in the answer

lists of the other �ve element runs.

5.2.2 Expected rankings

There are two goals we want to achieve with ourHiXEval �delity tests.

First, we want to investigate whether measures inHiXEval are able to determine the

usefulness of element retrieval compared to passage retrieval in identifying relevant informa-

tion. For both system-oriented and user-oriented retrieval tasks, we expect that overall the

Passagerun will perform better than any of the other six element runs. We denote this as:

Passage� elrun

where the � symbol speci�es the `performs better' relationship, andelrun 2 f BEP, FullRB ,

EA, PA, BA, NAg. However, as discussed previously, we also expect that there may be situations

where BEP� Passage(where � speci�es `performs equal or better' relationship).

Second, we want to investigate the extent to which measures in HiXEval are able to

distinguish between the retrieval value obtained with the FullRB run (containing all the

overlapping relevant elements) and the retrieval values obtained with the runs containing the

other types of relevant elements. For the system-oriented task, we expect this comparison

to di�er depending on whether the level of overlap among retrieved elements is penalised or

not. When overlap is penalised, we expect the following ranking of the six element runs:

BEP(0%) � PA(44:02%) � NA(51:19%) � EA(55:65%) � BA(97:36%) � FullRB (99:87%)

The percentage values shown in parentheses re
ect the average number of overlapping

elements contained by a run. These overlap values are calculated using the set-basedoverlap

measure [de Vries et al., 2004a], which calculates the average number of elements that either
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contain or are contained by other elements retrieved by the run. When overlap is allowed,

we expect that the element runs would be ranked in a reverse order to that shown above,

with the FullRB run performing better than the other element runs.

However, the above expectations are based only on overlap values, and do not properly

re
ect the actual ability of the six element runs to identify elements that bring best values

in retrieving relevant information . Indeed, we can reasonably expect that theEAsimulated

run contains more useful retrieval elements than those contained by the PAand NAruns, even

though the average numbers of overlapping elements contained by these two runs are lower

than that contained by the EA run. Accordingly, without looking at the actual relevance

assessments we cannot safely predict much more than the following: that the BEPrun will

outperform the other element runs when overlap is penalised; and that the FullRB run will

outperform the other element runs when overlap is allowed.

5.2.3 System-oriented task

We now useHiXEval to measure the retrieval performance of the seven simulatedruns when

considering a system-oriented evaluation task. In the system-oriented task, the recall-base

comprises all the 64 748 relevant elements found for the 29 INEX 2005 CO+S topics. To

measure the run performance for an INEX 2005 CO+S topic, we need information about

the total number of highlighted characters for that topic. H owever, depending on whether

retrieving overlapping relevant information is penalisedby the metric or not, this number is

calculated either across the relevantdocumentsor across the relevantelements, respectively.

We therefore separately investigate the retrieval performance in two evaluation cases: the

case when overlap is penalised by the metric (overlap=on ), and the case when overlap is

allowed (overlap=off ). When overlap is penalised, the total number of highlighted passages

for a topic is calculated across all documents; for the INEX 2005 CO+S topics, this number is

4 280 relevant passages. When overlap is allowed, the total number of highlighted passages is

calculated across all elements; there are 64 748 (overlapping) relevant elements for the INEX

2005 CO+S topics, resulting in the same number of (overlapping) relevant passages.

Table 5.3 shows the performance results of simulated runs obtained with di�erent mea-

sures inHiXEval for the two overlap cases. We use three measures at rank cuto�s (P@r, R@r,

and F@r), with three di�erent rank cuto� values: 10, 25, and 50. We ch oose these values

since they are reported as o�cial rank cuto� values on the INE X 2005 web site. We useMAP

and R-prec to measure the overall performance of a run.
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Overlap penalised

When overlap is penalised byHiXEval , results obtained with MAPand R-prec show that,

overall, perfect retrieval is achieved with the Passage run. The Passage run also achieves

the highest retrieval precision (measured with the threeP@rmeasures) than that achieved by

the other element runs. Results obtained with all these measures are statistically signi�cant.

However, results obtained with the three recall (R@r) and the three harmonic mean (F@r)

measures show that theBEPrun performs better than the Passagerun. For this comparison,

the three R@rresults are statistically signi�cant, while only results obtained with F@10are

signi�cant. These results show that identifying the top 10 BEPelements for an INEX 2005

CO+S topic brings signi�cantly better value in retrieving r elevant information than iden-

tifying the top 10 passages. This is an important �nding, which shows that XML element

retrieval can be more useful than passage retrieval in identifying the (non-overlapping) rele-

vant information residing within the top 10 retrieval answers. These results also con�rm our

initial expectations for the performance comparison between the Passagerun and the other

element runs, and particularly for the comparison betweenPassageand BEP.

When the performance of theFullRB run is compared to that of the other element runs,

with MAPand the three F@rmeasures bothBEPand EA perform signi�cantly better than

FullRB . These �ndings show that, when overlap is penalised byHiXEval , better value in

retrieving relevant information is achieved by either identifying the (non-overlapping) best

entry points or the (overlapping) exact answers, and not by retrieving all the (overlapping)

relevant elements. This is again in line with some of our initial expectations for the perfor-

mance comparisons between the six element runs for the case when overlap is penalised by

HiXEval in the system-oriented task.

Of the �ve element runs (BEP, EA, PA, BA, and NA), overall and with the three F@rmeasures

the best value in retrieving relevant information is achieved with the BEPrun, followed by the

EArun, while the BArun, which only contains broad answer elements, performs the worst.

Results from these performance comparisons are statistically signi�cant. Of the other two

simulated element runs, with the three precision measures the NArun performs signi�cantly

better than the PArun, while with the three recall measuresPAperforms signi�cantly better

than NA. The di�erence in the observed behaviour is also signi�cant with F@10, where PA

performs better than NA. Overall, the NArun performs better than PA, however the increase

in performance is statistically signi�cant only with R-prec , but not with MAP. The most

likely reason for this behaviour is that the number of retrieved relevant elements seems to
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have higher impact on the retrieval performance when measured with R-prec than when

measured with MAP. Indeed, the total number of relevant elements retrieved bythe NArun

is approximately nine times as higher as the total number of elements retrieved by the PA

run (see the numbers shown in therel ret column in Table 5.3), and this seems to have

in
uenced the signi�cant performance increase of theNArun when measured withR-prec .

The most important aspect of this system-oriented evaluation is that it highlights the

importance of identifying the best entry point elements; indeed, as also demonstrated in

Figure 5.1(a), among the six element runs the best value in retrieving relevant information is

achieved with the simulated run containing the BEPanswer elements, even though the total

number of elements retrieved by theBEPrun is more than twice as lower as the number of

elements retrieved by theEArun, and approximately seven times as lower as the number of

elements retrieved byFullRB .

Overlap allowed

When overlap is allowed byHiXEval , with all but R-prec and the three precision measures

the FullRB run performs signi�cantly better than the other element run s. This shows that

the best value in retrieving relevant information is indeedachieved by retrieving all the (over-

lapping) relevant elements, which is in line with our initia l expectations for the performance

comparisons between the six element runs for this case. Withthe three precision measures,

EAand NAperform signi�cantly better than the FullRB run. With R-prec , these two element

runs also perform better than FullRB , however only the performance di�erence achieved by

the EArun is statistically signi�cant. These �ndings show that, w hen overlap is allowed by

HiXEval , a signi�cant improvement in the (early and overall) retrie val precision is achieved

when retrieving the exact answer elements than when retrieving all the relevant elements.

It is worth noting that, in the case when overlap is allowed by the metric, the FullRB run

can not achieve perfectMAPscore of 1.0. The reason for this is that, for an INEX 2005 CO+S

topic, the answer list of the FullRB run contains at most 1 500 relevant elements, resulting in

a total of 26 628 retrieved elements for all topics. The totalnumber of overlapping relevant

elements for the 29 INEX 2005 CO+S topics is 64 748, and due to the limited number of

retrieved elements, for some topics perfect recall can never be reached. This explains the

decrease inMAPof the FullRB run.

Of the �ve element runs (BEP, EA, PA, BA, and NA), with MAPthe best value in retrieving

relevant information is achieved with the EArun, followed by the BEPrun, while the BArun
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Figure 5.1: Evaluation of the overall performance of simulated runs for a system-oriented

task, using HiXEval and the 29 INEX 2005 CO+S topics. All the relevant elements are

considered in the recall-base. Two evaluation cases are presented: (a) overlap=on , where

retrieving overlapping relevant information is penalisedby the metric; and (b) overlap=off ,

where retrieving overlapping relevant information is allowed.
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again performs the worst. The di�erences in performance between pairs of these three runs

are statistically signi�cant. Of the other two simulated el ement runs, the NArun overall

performs better than PA; however, as in the case when overlap is penalised by the metric, the

performance increase is statistically signi�cant only with R-prec , but not with MAP. With

the three harmonic mean (F@r) measures, thePArun performs signi�cantly better than NA.

When overlap is allowed by HiXEval , the best value in retrieving relevant information

is achieved with the FullRB run. As also demonstrated in Figure 5.1(b), the FullRB run

performs the best among the six element runs, which highlights the importance of retrieving

all the (overlapping) relevant elements if the best elementretrieval value is to be achieved in

this case.

5.2.4 User-oriented task

In the following we useHiXEval to measure the retrieval performance of the seven simulated

runs when considering a user-oriented evaluation task. For the user-oriented task, we follow

two assumptions: �rst, that users would prefer runs to not retrieve overlapping relevant

information; and second, that users would perceive only theBEPelements as ideal answers.

The second assumption implies that runs will not be rewardedeven if they retrieve near-

misses. The �rst assumption is con�rmed to be a reasonably valid assumption by several

user studies [Kim and Son, 2005; Pharo and Nordlie, 2005; Tombros et al., 2005a], and it

is also supported by the results of our experiments presented in Appendix B. The second

assumption is at least reasonable, since a �rm empirical user model for XML retrieval is yet

to be established.

To model the �rst assumption of the above user behaviour, all the overlapping elements

were removed from the answer lists of the �ve element runs. A list �ltering approach was

used to remove overlap, where an element is removed if it either contains or is contained by

any other element residing higher in the list. To model the second assumption of the above

user behaviour, we use a non-overlapping recall-base that comprises the 3 631BEPrelevant

elements found for the 29 INEX 2005 CO+S topics.

Table 5.4 shows the performance results of simulated runs obtained with di�erent mea-

sures in HiXEval for the user-oriented task. We observe that perfect retrieval is achieved

with the Passage run. However, the usefulness of element versus passage retrieval is also

con�rmed under this task, where with the three recall measures andF@10, both the BEPrun

and the (non-overlapping) FullRB run perform signi�cantly better than the Passage run.



5.2. FIDELITY TESTS 167

P
@

r
R

@
r

F
@

r

R
un

re
l

re
t

10
25

50
10

25
50

10
25

50
M

A
P

R
-p

re
c

ov
er

la
p=

on
,o

ff

P
as

sa
ge

4
28

0
0.

98
62

0.
91

86
0.

82
07

0.
46

58
0.

66
54

0.
78

87
0.

58
41

0.
70

46
0.

72
46

1.
00

00
1.

00
00

B
E

P
3

63
1

0.
85

05
0.

79
39

0.
70

46
0.

55
74

0.
76

34
0.

86
51

0.
64

36
0.

74
54

0.
72

88
0.

86
82

0.
83

17

F
ul

lR
B

3
10

8
0.

84
71

0.
79

11
0.

69
42

0.
55

66
0.

76
13

0.
86

11
0.

64
22

0.
74

3
1

0.
72

08
0.

85
37

0.
82

71

E
A

2
55

7
0.

75
76

0.
68

02
0.

56
15

0.
42

64
0.

56
17

0.
62

35
0.

50
87

0.
57

0
4

0.
53

63
0.

53
05

0.
71

47

P
A

49
6

0.
21

32
0.

16
54

0.
11

71
0.

16
45

0.
19

31
0.

20
25

0.
17

44
0.

16
320

.1
32

1
0.

06
17

0.
21

77

B
A

21
0

0.
02

35
0.

01
50

0.
01

66
0.

03
04

0.
03

62
0.

04
24

0.
02

49
0.

01
930

.0
19

7
0.

00
29

0.
01

59

N
A

12
0

0.
06

21
0.

04
41

0.
02

76
0.

00
57

0.
00

68
0.

00
73

0.
00

86
0.

00
970

.0
09

0
0.

00
26

0.
03

85

Ta
bl

e
5.

4:
P

er
fo

rm
an

ce
re

su
lts

fo
r

si
m

ul
at

ed
ru

ns
us

in
g

a
use

r-
or

ie
nt

ed
ta

sk
,

ob
ta

in
ed

w
ith

m
ea

su
re

s
in

H
iX

E
va

l
an

d
th

e

29
IN

E
X

20
05

C
O

+
S

to
pi

cs
.

O
nl

y
th

e
3

63
1

B
E

P
re

le
va

nt
el

em
en

ts
ar

e
co

ns
id

er
ed

in
th

e
re

ca
ll-

ba
se

.
T

her
el

re
t

va
lu

es

sh
ow

th
e

nu
m

be
r

of
re

le
va

nt
in

fo
rm

at
io

n
ite

m
s

(e
le

m
en

ts
or

pas
sa

ge
s)

re
tr

ie
ve

d
by

a
ru

n.
T

he
el

em
en

t
ru

ns
do

no
t

co
nt

ai
n

ov
er

la
pp

in
g

el
em

en
ts

,
an

d
th

e
to

ta
l

nu
m

be
r

of
hi

gh
lig

ht
ed

pas
sa

ge
s

is
ca

lc
ul

at
ed

ac
ro

ss
al

l
do

cu
m

en
ts

.
Fo

r
ea

ch
ev

al
uatio

n

ca
se

,
ru

ns
ar

e
or

de
re

d
by

de
cr

ea
si

ng
M

A
P

.
B

es
t

re
su

lts
un

de
r

e
ac

h
H

iX
E

va
l

m
ea

su
re

ar
e

sh
ow

n
in

bo
ld

.



168 CHAPTER 5. EVALUATION OF XML RETRIEVAL

1.00.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0

Recall

0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1.0
P

re
ci

si
on

Passage
BEP
FullRB
EA
PA
BA
NA

Figure 5.2: Evaluation of the overall performance of simulated runs for a user-oriented task,

using HiXEval and the 29 INEX 2005 CO+S topics. Only the non-overlappingBEPrelevant

elements are considered in the recall-base. The element runs do not contain overlapping

elements, and the total number of highlighted passages is calculated across all documents.

Among the two element runs, the BEPrun overall performs better than FullRB , however

the observed performance di�erence is not statistically signi�cant. The reason for this be-

haviour is that both runs retrieve approximately the same number of relevant elements (see

the rel ret numbers in Table 5.4).

Unlike in the system-oriented task, here the performance comparison between the runs

containing the four element types (EA, PA, BA, and NA) is more realistic. Indeed, as also

demonstrated in Figure 5.2, the exact answer elements bringthe highest value in retrieving

relevant information among the elements retrieved by the four element runs. The partial

answers follow next, while the broad and narrow answers bring the lowest retrieval values.

This performance behaviour is also supported by the fact that approximately 70% and 14% of

the BEPelements are retrieved in the answer lists of theEAand the PArun, respectively. The

di�erences in performance observed when comparing pairs ofthese four runs are statistically

signi�cant, except the di�erence between the BAand the NArun. This is most likely because

both runs retrieve a very small number ofBEPelements.
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5.2.5 Further analysis of evaluation behaviour

The HiXEval �delity tests, presented so far in this section, do not re
ect scenarios where an

XML retrieval system may return a series of smaller elementsthat belong to a larger fully

highlighted element, with the goal to boost the performancescores at selected rank cuto�s.

In this subsection we investigate these scenarios by using simple examples that will allow

us to perform a more detailed analysis of this (possibly undesirable) evaluation behaviour,

which in turn enables a more balanced treatment of the advantages and the disadvantages

of the proposed metric.

Let us assume that two systems, System A and System B, respectively retrieve the fol-

lowing ranked lists of elements:

Rank System A System B

1 /article[1]/bdy[1]/sec[1] /article[1]/bdy[1]/sec[1]/ p[1]

2 /article[1]/bdy[1]/sec[2] /article[1]/bdy[1]/sec[1]/ p[2]

3 /article[1]/bdy[1]/sec[3] /article[1]/bdy[1]/sec[1]/ p[3]

Let us also consider the following two evaluation scenarios.

Scenario 1: The recall-base contains only one fully highlighted section which consists of

three fully highlighted paragraphs of identical sizes:

<element path="/article[1]/bdy[1]/sec[1]" size="99" rs ize="99"/>

<element path="/article[1]/bdy[1]/sec[1]/p[1]" size=" 33" rsize="33"/>

<element path="/article[1]/bdy[1]/sec[1]/p[2]" size=" 33" rsize="33"/>

<element path="/article[1]/bdy[1]/sec[1]/p[3]" size=" 33" rsize="33"/>

Scenario 2: The recall-base contains two fully highlighted sections ofidentical sizes, where

only the �rst section consists of three fully highlighted paragraphs of identical sizes:

<element path="/article[1]/bdy[1]/sec[1]" size="99" rs ize="99"/>

<element path="/article[1]/bdy[1]/sec[1]/p[1]" size=" 33" rsize="33"/>

<element path="/article[1]/bdy[1]/sec[1]/p[2]" size=" 33" rsize="33"/>

<element path="/article[1]/bdy[1]/sec[1]/p[3]" size=" 33" rsize="33"/>

<element path="/article[1]/bdy[1]/sec[2]" size="99" rs ize="99"/>

Table 5.5 shows performance results for the two systems using the two evaluation scenar-

ios, obtained with three rank cuto� measures in HiXEval . For both evaluation scenarios, we

measure the retrieval performance at �nal rank cuto� (after three elements are retrieved).
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HiXEval measure

System P@3 R@3 F@3

Scenario 1

A 0.33 1.00 0.50

B 1.00 1.00 1.00

Scenario 2

A 0.67 1.00 0.80

B 1.00 0.50 0.67

Table 5.5: Performance results for simulated runs using twoevaluation scenarios, obtained

with three rank cuto� measures in HiXEval . Best results under eachHiXEval measure are

shown in bold.

In Scenario 1, we observe that | even though both systems successfully retrieve all the

relevant information ( R@3 = 1 :00) | with the P@3and F@3measures System B performs

better than System A. It could be argued that System A should be the one to be preferred,

given that it retrieves the fully relevant section �rst and t hus it manages to fully satisfy the

user information need early in the retrieval process. However, an equally plausible argument

against this would be that System A also retrieves two non-relevant sections in addition to

the one relevant section, which in turn means that users willbe required to spend more

e�ort in examining two non-relevant results compared to the e�ort required in examining

two relevant results retrieved by System B.4

In Scenario 2 (where the recall-base is extended with anotherrelevant section), we observe

that with the P@3measure System B again performs better than System A; however, with the

other two measures (R@3and F@3) System A clearly outperforms System B. This evaluation

behaviour is what we would expect to be reasonably appropriate for this scenario, since in this

case System A is the only among the two systems that retrievesall the relevant information,

and therefore it should be assigned a higher score than System B.

The two evaluation scenarios highlight the positive e�ect of including the harmonic mean

between precision and recall on the retrieval evaluation, which (as demonstrated above) is

correctly captured by the F@rmeasure in HiXEval . However, the results reported by the

P@rmeasure, especially when applied to di�erent retrieval scenarios, may indeed re
ect an

4We follow the assumption that the three sections retrieved by Syst em A are of identical sizes.
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undesirable evaluation behaviour. The source of this problem lies in the choice to normalise

over the number of elements retrieved (the rank cuto� r used in P@r), and not over the

expected user e�ort required to reach that rank cuto�. We cou ld address this (undesirable)

evaluation behaviour by normalising over the amount of text that has been inspected by

users instead of over the number of elements that have been retrieved (that is, we could

calculate precision and recall at number of characters read). However, this change of the

underlying evaluation methodology could also introduce some subjective choices, such as the

choice of �nding exact threshold values (for the number of characters read) at which the

performance will be measured, for which further empirical investigation would be required.

We therefore leave the research activities that relate to possible changes of the underlying

HiXEval evaluation methodology for future work.

5.2.6 Concluding comments on HiXEval �delity

In this section, we have evaluated the performance of seven simulated runs on the INEX 2005

CO+S topics to determine what is really measured byHiXEval . Two retrieval tasks were

considered: asystem-orientedtask and a user-oriented task, with two overlap settings for the

system-oriented task. We have also used at-test to check the signi�cance of reported results

at 0.05 (5%) con�dence level.

Results from our experiments under the two tasks have demonstrated that measures in

HiXEval are indeed able to determine the usefulness of element retrieval compared to passage

retrieval in identifying non-overlapping relevant informa tion for an INEX 2005 CO+S topic.

Overall, passage retrieval is more useful; however, we haveshown that identifying the top 10

best entry points for the INEX topic brings signi�cantly bet ter value in retrieving relevant

information than identifying the top 10 passages. Note thatthis �nding follows automatically

from our experimental setup; that is, the observed performance behaviour re
ects the fact

that the HiXEval measures normalise over the number of elements retrieved, such that the

top 10 passages collectively contain a smaller proportion of relevant information than that

collectively contained by the top 10BEPelements. On the other hand, it takes more user e�ort

to investigate 10BEPelements than 10 (smaller) passages, and so from a user perspective it is

not entirely clear which performance behaviour should be preferred. In our HiXEval �delity

experiments, we followed the assumption that users would always inspect a �xed number of

elements, irrespective of the user e�ort spent while individually inspecting each element.
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Identifying and retrieving all the (overlapping) relevant elements for an INEX 2005 CO+S

topic does not result in best retrieval value when overlap ispenalised by HiXEval ; indeed,

we have demonstrated that in this case better value in retrieving relevant information is

achieved by either identifying the (non-overlapping) best entry points or the (overlapping)

exact answer elements. Most importantly, we have shown thatwith HiXEval there is no

need to construct the so-called \ideal recall-base" to handlethe overlap problem (which is

the case with theXCGmetrics). When overlap is allowed byHiXEval , the best overall retrieval

value is indeed achieved by identifying all the relevant elements in the recall-base, although

retrieving exact answer elements results in signi�cantly better precision improvement than

when retrieving all the relevant elements in the recall-base. These are all important �ndings,

which may substantially in
uence the way XML retrieval syst em parameters are tuned for

optimal performance.

Among the measures at rank cuto�s, P@rrewards runs that retrieve elements that do

not contain too much non-relevant information; indeed, irrespective of the overlap setting

used in the system-oriented task, theNArun performed the best among the �ve simulated

element runs. By contrast, R@rrewards runs that retrieve elements that contain as much

relevant information as possible; with R@r, BEPand BAruns performed the best among the

�ve element runs when overlap was respectively penalised and allowed in the system-oriented

task. The F@rmeasure, on the other hand, seems to properly capture the expected retrieval

behaviour, whereby runs are rewarded when retrieving elements that contain as much relevant

information as possible, without also containing too much non-relevant information. Indeed,

with F@r, BEPand EAruns performed the best among the �ve element runs when overlap was

respectively penalised and allowed in the system-oriented task. For the user oriented task,

the performance of the bestBEPrun was correctly measured byF@r, as well as by the other

two rank cuto� measures.

Among the overall performance measures,R-prec seems to be more biased towards pre-

cision than MAP, and the more relevant elements are retrieved by a run, the better retrieval

performance seems to be achieved withR-prec . MAP, on the other hand, seems to better re-


ect the overall balance between precision and recall than that re
ected when using R-prec .

The above �ndings therefore suggest that someHiXEval measures are more suitable than

others to evaluate XML retrieval e�ectiveness depending onwhich scenario of XML retrieval

is used. Unless explicitly speci�ed, in the remainder of thethesis we useF@rin conjunction

with MAPas default measures when applyingHiXEval to evaluate XML retrieval e�ectiveness.

We conclude that HiXEval is capable to reliably measure the diverse XML retrieval
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behaviours observed under di�erent tasks, irrespective ofwhether passages or elements are

units of retrieval.

5.3 HiXEval versus XCG in XML retrieval experiments

In this section, we demonstrate the usefulness ofHiXEval versus the XCGmetrics in XML

retrieval experiments. We do this in two ways. First, we make direct use of the INEX

evaluation methodology | its aim to order XML retrieval runs to understand which retrieval

techniques work well | to �nd how the run orderings obtained b y the HiXEval measures

compare to the run orderings obtained when using measures from the XCGmetrics. Second,

we test the reliability of HiXEval , and investigate whether it is as stable as theXCGmetrics

at distinguishing between XML retrieval approaches.

5.3.1 Comparison of run orderings

In this subsection, we present correlation results for all the retrieval strategies explored in

the two INEX 2005 sub-tasks (CO and CAS). Results for retrieval strategies in the +S sub-

task are similar to the results presented for the CO sub-task,and are not shown here. Two

result presentation modes are used by the retrieval strategies: a list result presentation mode,

and a group result presentation mode. We usenxCGand ep/gr as two XCGmetrics in our

experiments, where only theep/gr metric is used in both presentational modes. A detailed

description of the two XCGmetrics and their corresponding measures is provided in Chapter 2

(Subsection 2.3.2).

The genLifted quantisation function is used with the two XCGmetrics, which means that

the so-calledtoo small elements are included during evaluation [Kazai and Lalmas,2006a].

We use the three rank cuto� measures (P@r, R@r, and F@r) and MAPas an overall performance

measure inHiXEval for the list result presentation mode. In addition to MAP, Prec and Rec

measures are also used for the group result presentation mode. By using all of these di�erent

HiXEval measures in the correlation analysis, we aim at investigating whether there exist

di�erent orientations of the two XCGmetrics when used in di�erent retrieval strategies.

We use the rank (Spearman) correlation coe�cient to measurethe extent to which the

rank orderings obtained from a pair of measures correlate. Values of the Spearman coe�-

cient range from +1 (perfect positive correlation), through 0 (no correlation), to -1 (perfect

negative correlation).
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HiXEval measure

XCG measure r P@r R@r F@r MAP

10 0.96 0.31 0.44 |

nxCG[r] 25 0.95 0.33 0.52 |

50 0.96 0.43 0.67 |

MAep | | | | 0.94

Table 5.6: Comparing run orderings obtained with pairs of evaluation measures from twoXCG

metrics and HiXEval , using 55 submitted runs in Thorough retrieval strategy of the INEX

2005 CO sub-task. ThegenLifted quantisation function is used with the fourXCGmeasures.

Highest Spearman correlation values between an evaluation measure from the twoXCGmetrics

and its corresponding measure fromHiXEval are shown in bold.

INEX 2005 CO sub-task

Three retrieval strategies, Thorough, Focussed, and FetchBrowse, were explored in the

INEX 2005 CO sub-task [Lalmas, 2005]. We use di�erent overlapsettings for each evalu-

ation measure in nxCG, ep/gr and HiXEval , depending on the retrieval strategy used. In

particular, for the Focussed strategy we use a setting which penalises runs that retrieve

overlapping elements (overlap=on ), whereas for theThorough strategy we use a setting that

allows overlapping retrieved elements (overlap=off ). Both overlap settings are used in the

FetchBrowse retrieval strategy. The list result presentation mode is used in both Thorough

and Focussed retrieval strategies, whereas the group result presentation mode is used in the

FetchBrowse retrieval strategy.

Thorough retrieval strategy

Table 5.6 shows Spearman correlation coe�cients calculated from the run orderings using

the 55 submitted runs for the Thorough retrieval strategy. We observe that each of the three

nxCGmeasures is strongly correlated to the correspondingprecision measure ofHiXEval . In-

terestingly, there is low correlation between the threenxCGmeasures and their corresponding

recall measures inHiXEval , while slightly higher (but still low) correlation values ar e observed

between the threenxCGmeasures and their correspondingF@rmeasures inHiXEval . When

comparing mean average precision, the Spearman correlation value (0.94) shows that there

is a strong correlation between run orderings generated byMAep(ep/gr ) and MAP(HiXEval ).
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HiXEval measure

XCG measure r P@r R@r F@r MAP

10 0.92 0.17 0.39 |

nxCG[r] 25 0.91 0.24 0.41 |

50 0.93 0.23 0.63 |

MAep | | | | 0.82

Table 5.7: Comparing run orderings obtained with pairs of evaluation measures from twoXCG

metrics and HiXEval , using 44 submitted runs in Focussed retrieval strategy of the INEX

2005 CO sub-task. ThegenLifted quantisation function is used with the fourXCGmeasures.

Highest Spearman correlation values between an evaluation measure from the twoXCGmetrics

and its corresponding measure fromHiXEval are shown in bold.

The observed correlations between the threenxCGmeasures andMAepand their corre-

sponding precision andMAPmeasures inHiXEval (all greater than 0.9) show that similar run

orderings are generated by the two metrics for theThorough retrieval strategy. Importantly,

the results show that for this retrieval strategy the measures in the nxCGmetric seem to

be more precision-oriented than recall-oriented measures, and they seem to not be able to

correctly capture the harmonic mean between precision and recall. This is most likely a

consequence of the way the cumulated gain is currently de�ned in the nxCGmetric; that is, if

the gain had been de�ned to more closely re
ect the harmonic mean between precision and

recall, the correlation numbers between the threenxCGmeasures and their correspondingF@r

measures would have certainly been much greater.

Focussed retrieval strategy

Table 5.7 shows Spearman correlation coe�cients calculated from the run orderings using

the 44 submitted runs for the Focussed retrieval strategy. The calculated Spearman correla-

tion values between the threenxCGmeasures and their corresponding precision measures in

HiXEval are again greater than 0.9, with a similar trend to that observed for the Thorough

strategy. However, for this strategy lower correlation value (0.82) is observed when com-

paring the two mean average precision measures (MAepand MAP) than that observed for the

Thorough strategy. This suggests that, for theFocussed retrieval strategy, the methodology

used in creating the ideal recall-basein the ep/gr metric seems to have an adverse e�ect
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on the overall recall, which dramatically in
uences the run ordering obtained with the MAep

measure compared to the ordering obtained withMAPin HiXEval .

The most likely reason for the adverse e�ect on the overall recall observed for theMAep

measure is the fact that the ideal recall-base contains fewernumber of relevant elements

than that contained by the full recall-base, which representideal elements that runs should

retrieve in order to obtain higher scores. However, due to the dependency normalisation

function used in the MAepmeasure (see Equation 2.18), runs that retrieve relevant but non-

ideal elements will not score as well as runs that retrieve ideal elements. On the other hand,

under HiXEval these runs could score just as well or even better than runs that retrieve ideal

elements, since here recall is calculated as the fraction ofrelevant information retrieved and

no dependency normalisation function is used in theMAPmeasure.

FetchBrowse retrieval strategy

The evaluation methodology for this retrieval strategy is di�erent from those used in the other

two retrieval strategies in that two separate evaluation scores are reported: an article-level

score and an element-level score, the latter calculated by using both (off and on) overlap

settings. We use theep/gr metric and report values obtained with the MAepmeasure for both

types of evaluation scores in this strategy [Kazai and Lalmas, 2006a]. To obtain element-

level scores withHiXEval , we report values obtained with Prec, Rec, and MAP| the three

measures used for group result presentation. To obtain article-level scores withHiXEval , we

use article-derived runs with their corresponding relevance assessments, which means that

values for Prec and Rec refer to those for precision and recall at �nal rank cuto�s (1 500),

respectively.

Table 5.8 shows Spearman correlation values calculated from the run orderings using the

31 correctly submitted runs for the FetchBrowse retrieval strategy. For article-level scores,

we observe that the correlation value betweenMAepand MAPis 0.85. The most likely reason

for this behaviour is that di�erent methodologies are used by the two metrics to determine

the preferred article answers; indeed, theep/gr metric uses knowledge of the highest scoring

element within an article to obtain the ordering of the ideal article gain vector, whereas

articles are inspected on their own merit byHiXEval .

Table 5.8 also shows that, for element-level scores, the overlap setting dramatically in-


uences the observed level of correlation between the rank orderings obtained by the two

measures. With overlap set tooff , there is a strong correlation between the two mean aver-
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HiXEval measure

XCG measure Prec Rec MAP

CO.FetchBrowse-Article (overlap=off,on)

MAep 0.69 0.70 0.85

CO.FetchBrowse-Element (overlap=off)

MAep 0.90 0.88 0.95

CO.FetchBrowse-Element (overlap=on)

MAep 0.80 0.92 0.67

Table 5.8: Comparing run orderings obtained with pairs of evaluation measures from two

XCGmetrics and HiXEval , using the 31 correctly submitted runs inFetchBrowse article-level

(upper part) and CO.FetchBrowseelement-level (middle and lower parts) retrieval strategies

of the INEX 2005 CO sub-task. ThegenLifted quantisation function is used with theMAep

measure of theep/gr metric. Highest Spearman correlation values between theMAepmeasure

(ep/gr ) and the MAPmeasure (HiXEval ) are shown in bold.

age precision measures (0.95). In this case,MAepis slightly better correlated with precision

(0.90) than with recall (0.88). With overlap set to on, there is little correlation between

MAepand MAP; however, we observe that in this caseMAepis much better correlated with

recall (0.92) than with precision (0.80). The most likely reason for this behaviour is that,

unlike in the Focussed retrieval strategy where overlap is also set toon, here the number

of relevant elements that comprise the ideal recall-base foreacharticle cluster (the amount

of non-overlapping relevant information) is much smaller than the number of ideal elements

used in the Focussed strategy, which in turn makes it more likely for runs to achieve per-

fect recall for a given cluster. On the other hand, the lower correlation value betweenMAep

and Prec suggests that this perfect recall may be reached at the expense of retrieving some

amount of non-relevant information.

INEX 2005 CAS sub-task

Four retrieval strategies were explored in the CAS sub-task:SS, SV, VS, and VV; these di�er

in the way the target and support elements of a CAS topic are interpreted [Lalmas, 2005].

We set overlap to off for each evaluation measure ofnxCG, ep/gr , and HiXEval .

Table 5.9 shows Spearman correlation values calculated from the run orderings using
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HiXEval measure

XCG measure r P@r R@r F@r MAP

SSCAS (overlap=off)

10 0.82 0.95 0.93 |

nxCG[r] 25 0.69 0.97 0.72 |

50 0.91 0.90 0.56 |

MAep | | | | 0.96

SVCAS (overlap=off)

10 0.98 0.94 0.96 |

nxCG[r] 25 0.94 0.93 0.91 |

50 0.96 0.94 0.94 |

MAep | | | | 0.95

VSCAS (overlap=off)

10 0.98 0.76 0.75 |

nxCG[r] 25 0.98 0.72 0.74 |

50 0.97 0.75 0.80 |

MAep | | | | 0.90

VVCAS (overlap=off)

10 0.96 0.57 0.58 |

nxCG[r] 25 0.95 0.65 0.67 |

50 0.95 0.76 0.80 |

MAep | | | | 0.91

Table 5.9: Comparing run orderings obtained with pairs of evaluation measures from two

XCGmetrics and HiXEval , using 25 submitted runs inSSCAS, 23 runs in SVCASand VSCAS,

and 28 runs in VVCASretrieval strategies of the INEX 2005 CAS sub-task. ThegenLifted

quantisation function is used with the four XCGmeasures. Highest Spearman correlation

values between an evaluation measure from the twoXCGmetrics and its corresponding measure

from HiXEval are shown in bold.
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di�erent numbers of submitted runs for each of the four INEX 2005 CAS retrieval strategies.

We observe that there is a strong correlation between measures in the two XCGmetrics and

their corresponding measures inHiXEval , irrespective of the retrieval strategy used. However,

the predominant correlation between each of the threenxCGmeasures and the precision and

recall measures inHiXEval changes depending on the way the target element is interpreted.

For the two strict CAS retrieval strategies (SSand SV), the nxCGmeasures seem to be more

recall-oriented than precision-oriented (this is especially true for the SS strategy). Also,

the harmonic mean between precision and recall seems to be well preserved by the three

nxCGmeasures in this case. However, for the twovagueCAS retrieval strategies (VS and

VV) the reverse is true, where especially for theVVstrategy the nxCGmeasures seem to be

clearly precision-oriented measures, with low correlationvalues observed between the three

nxCGmeasures and their correspondingF@rmeasures inHiXEval . It is possible that, as

with FetchBrowse element-level retrieval strategy, the fewer relevant elements comprising

the recall-base for the two strict SS and SV retrieval strategies may have in
uenced the

evaluation behaviour of the nxCGmetric.

5.3.2 Reliability tests

To test reliability of HiXEval , we use runs submitted in the three retrieval strategies of the

INEX 2005 CO sub-task to investigate whether or not it is as stable as the two XCGmetrics

at distinguishing between di�erent XML retrieval approach es.

We pursue a simpli�cation of the methodology introduced by Sanderson and Zobel [2005]

that enables us to identify signi�cance and error rates for measures in bothHiXEval and

the two XCGmetrics. The methodology is as follows. We �rst divide the 29 topics that

belong to the INEX 2005 CO+S topic set into four random subsets, where the �rst subset

contains eight topics while the other three subsets each contain seven topics. Under each

INEX 2005 CO retrieval strategy (Thorough, Focussed, and FetchBrowse), we use these

topic subsets to pairwise compare the submitted runs. For a pair of runs on the �rst subset

of topics, a t-test is used to decide whether the observed performance di�erence between a

run pair is signi�cant at the 0.05 con�dence level. If it is, and if the same two runs have the

opposite numeric ordering on any of the other three topic subsets, anerror is recorded. The

total pairwise comparisons made for a retrieval strategy depend on the number of submitted

runs. For example, there are 55 submitted runs for theThorough retrieval strategy, making

a total of 55 � 54=2 � 4 = 5 940 independent run comparisons. We now present resultsof
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Metric (measure) Signi�cant di�erences Errors Error rate

Measures at rank cuto�s

nxCG (nxCG[10]) 348 38 0.11

HiXEval (F@10) 404 19 0.05

nxCG (nxCG[25]) 405 18 0.04

HiXEval (F@25) 464 26 0.06

nxCG (nxCG[50]) 488 27 0.06

HiXEval (F@50) 496 24 0.05

Overall performance measures

ep/gr (MAep) 476 17 0.04

HiXEval (MAP) 483 18 0.04

Table 5.10: Reliability tests for measures from twoXCGmetrics and HiXEval , using 55 runs

submitted in the INEX 2005 CO Thorough retrieval strategy. The genLifted quantisation

function is used with the XCGmeasures. The retrieval runs were pairwise compared on each

of the four disjoint INEX 2005 CO+S topic subsets, making a total of 55� 54=2 � 4 = 5 940

independent run comparisons. The columnSigni�cant di�erences shows the number of

total run comparisons on the �rst subset that were determined to be signi�cantly di�erent at

the 0.05 con�dence level by at-test . The Errors column shows the number of those rank

orderings that were contradicted on any one of the other three topic subsets. Two categories

of measures are shown, and under each category the measures are ordered by increasing

Signi�cant di�erences .

the reliability tests that were separately obtained under each of the three INEX 2005 CO

retrieval strategies.

Thorough retrieval strategy

Table 5.10 shows the reliability results obtained from measures in HiXEval and the two XCG

metrics (nxCGand ep/gr ) using the 55 submitted runs in the INEX 2005 CO Thorough

retrieval strategy. The trend in these results is clear | the HiXEval measures identify more

signi�cant di�erences than do measures in both nxCGand ep/gr , and with all but the F@25

measure the obtained error rates are no worse.

For the other HiXEval measures (not shown here), among the measures at rank cuto�sthe

highest signi�cant di�erences are obtained with the three precision measures (P@r), while the
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Metric (measure) Signi�cant di�erences Errors Error rate

Measures at rank cuto�s

HiXEval (F@25) 186 6 0.03

nxCG (nxCG[25]) 204 16 0.08

HiXEval (F@10) 222 8 0.04

nxCG (nxCG[50]) 224 15 0.07

nxCG (nxCG[10]) 228 25 0.11

HiXEval (F@50) 249 13 0.05

Overall performance measures

ep/gr (MAep) 135 10 0.07

HiXEval (MAP) 224 17 0.08

Table 5.11: Reliability tests for measures from twoXCGmetrics and HiXEval , using 44 runs

submitted in the INEX 2005 CO Focussed retrieval strategy. The genLifted quantisation

function is used with the XCGmeasures. The retrieval runs were pairwise compared on each

of the four disjoint INEX 2005 CO+S topic subsets, making a total of 44� 44=2 � 4 = 3 784

independent run comparisons. The columnSigni�cant di�erences shows the number of

total run comparisons on the �rst subset that were determined to be signi�cantly di�erent at

the 0.05 con�dence level by at-test . The Errors column shows the number of those rank

orderings that were contradicted on any one of the other three topic subsets. Two categories

of measures are shown, and under each category the measures are ordered by increasing

Signi�cant di�erences .

three recall measures (R@r) produce the lowest error rates, respectively. Among the overall

performance measures,R-prec identi�es slightly more signi�cant di�erences than MAP(497

compared to 483), however this comes at the expense of havinga higher error rate than MAP

(7% compared to 4%).

Focussed retrieval strategy

Table 5.11 shows results from the reliability tests obtained from measures inHiXEval and

the two XCG metrics using the 44 submitted runs in the INEX 2005 CO Focussed retrieval

strategy. Among the measures at rank cuto�s, at ranks 10 and 25 the two nxCGmeasures

identify slightly more signi�cant di�erences than those id enti�ed by the two corresponding

HiXEval measures, however in both cases the error rates obtained with the HiXEval measures
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Metric (measure) Signi�cant di�erences Errors Error rate

overlap=on

HiXEval (Prec) 65 3 0.05

HiXEval (MAP) 67 1 0.01

ep/gr (MAep) 168 17 0.10

HiXEval (Rec) 181 21 0.12

overlap=off

HiXEval (Prec) 67 2 0.03

HiXEval (MAP) 151 9 0.06

ep/gr (MAep) 228 6 0.03

HiXEval (Rec) 230 12 0.05

Table 5.12: Reliability tests for measures from twoXCGmetrics and HiXEval , using 31 runs

submitted in the INEX 2005 FetchBrowse element-level retrieval strategy. ThegenLifted

quantisation function is used with the XCGmeasures. The retrieval runs were pairwise

compared on each of the four disjoint INEX 2005 CO+S topic subsets, making a total of

31 � 30=2 � 4 = 1 860 independent run comparisons. The columnSigni�cant di�erences

shows the number of total run comparisons on the �rst subset that were determined to be

signi�cantly di�erent at the 0.05 con�dence level by a t-test . The Errors column shows the

number of those rank orderings that were contradicted on anyone of the other three topic

subsets. Two overlap settings are shown, and under each overlap setting the measures are

ordered by increasingSigni�cant di�erences .

are much lower. At rank 50 the nxCGmeasure is clearly less stable than the corresponding

HiXEval measure. Among the overall performance measures, theMAPmeasure inHiXEval

identi�es 66% more di�erences than those identi�ed by the MAepmeasure inep/gr , at the

expense of obtaining only a 1% higher error rate. A trend similar to that observed for the

Thorough retrieval strategy is also observed for theFocussed retrieval strategy regarding the

comparison among the rank cuto� and overall performance measures inHiXEval .

FetchBrowse retrieval strategy

Table 5.12 shows results from the reliability tests obtained from measures inHiXEval and

the ep/gr metric using the 31 submitted runs in the INEX 2005 CO FetchBrowse element-

level retrieval strategy. Two overlap settings (on and off ) are used by the two metrics
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in this strategy. We observe that the overlap setting doesmake a di�erence on the metric

stability; indeed, all the measures identify more signi�cant di�erences when overlap is allowed

(overlap=off ) than when overlap is penalised (overlap=on ) by the two metrics. The MAP

measure inHiXEval seems to be the most discriminative among all measures in thecase when

overlap is penalised, while theMAepmeasure inep/gr seems to be the most discriminative

when overlap is allowed. Interestingly, when separately comparing the behaviour of Prec

and Rec measures inHiXEval with that of MAep, we observe that MAepbehaves more as a

recall-oriented than as a precision-oriented measure, irrespective of the overlap setting used.

This is in line with our previous �nding from the correlation analysis, observed under the

FetchBrowse element-level retrieval strategy with overlap=on , where the MAepmeasure has

also been demonstrated to be more recall-oriented than precision-oriented measure.

5.4 Summary

In this chapter we have presented an evaluation metric for XML retrieval that solely utilises

the knowledge about the highlighted (relevant) textual information within the XML docu-

ments to evaluate XML retrieval e�ectiveness.

The proposedHiXEval metric addresses many of the concerns that have been raised in

connection with the XCGmetrics. Its main features are simplicity, compatibility w ith the well-

understood measures used in traditional information retrieval, ability to support element

sizes and overlap, and most importantly, minimal reliance on subjective decisions during

evaluation. Indeed, if there was broad acceptance ofHiXEval , there would be no need for

assessors to judgeExhaustivity, as only highlighting of relevant passages would be required.

This would substantially reduce the time taken to undertake the INEX relevance judgements.

Indeed, as discussed earlier in Chapter 4, it has already been decided that at INEX 2006

assessors will only highlight the relevant content, without assigning anyExhaustivity values.

Results from our �delity tests have demonstrated that HiXEval indeed measures what it

is intended to measure, while our correlation analysis of the rank orderings betweenHiXEval

and the two XCGmetrics has con�rmed that both metrics perform broadly the same task,

and thus measure the same (or similar) retrieval behaviour. Moreover, the results from

the reliability tests have shown that, when performance is measured under di�erent XML

retrieval strategies, HiXEval is as stable as the twoXCGmetrics at predicting relative system

behaviour on previously unobserved topics.

Both the correlation analysis and the reliability tests have also identi�ed di�erent orien-
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tations of the two XCGmetrics; indeed, when the level of overlap among the relevant elements

in the recall-base is penalisedand the number of the so-calledideal retrieval elements is rather

small, the XCGmetrics seem to be more recall-oriented than precision-oriented. Conversely,

with a su�cient number of ideal retrieval elements in the rec all-base, the two XCGmetrics

are clearly precision-oriented.

In the next chapter, we demonstrate how theHiXEval metric can be applied to evaluate

XML retrieval e�ectiveness under di�erent application scenarios.



Chapter 6

Scenarios of XML Retrieval

To investigate whether and how XML retrieval could be applied in a variety of application

scenarios, di�erent research tracks have been included as part of INEXsince 2004. In this

chapter, we evaluate the e�ectiveness of di�erent XML retri eval approaches when two distinct

scenarios of XML retrieval are taken into consideration: the ad-hoc retrieval scenario, ex-

ploring the activities carried out as part of the INEX 2005 Ad-hoc track; and the multimedia

retrieval scenario, exploring the activities carried out as part of the INEX 2005 Multimedia

(MM) track. For each XML retrieval scenario, we present evaluation results obtained with

appropriate measures in ourHiXEval evaluation metric.

Di�erent sub-tasks and XML retrieval strategies were explored in the INEX 2005 Ad-hoc

track, which re
ect di�erent query interpretations and use r behaviours that may be observed

in XML retrieval. In the ad-hoc retrieval scenario, we investigate the retrieval performance of

our hybrid XML retrieval approach that combines three simil arity measures, with two ways

of identifying the appropriate answer granularity, and two XML-speci�c heuristics to rank

the �nal answers.

Two common approaches in retrieving images from a collectionare retrieval by text

keywords and retrieval by visual content. However, it is widely recognised that it is impossible

for keywords alone to fully describe visual content. In the multimedia retrieval scenario, we

investigate the retrieval performance of our approach of combining evidence from a content-

oriented XML retrieval system and a content-based image retrieval (CBIR) system, using a

linear combination of evidence.

In Section 6.1 we report on the participation of the RMIT Univ ersity group in the

INEX 2005 Ad-hoc track. We observe di�erent behaviours when applying our hybrid app-

185
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roach to the di�erent retrieval strategies, suggesting that the optimal retrieval parameters

are highly dependent on the nature of the XML retrieval task. In Section 6.2 we report on

the participation of the RMIT University group in the INEX 20 05 MM track, where we show

that using CBIR in conjunction with text search increases the XML retrieval performance.

6.1 Ad-hoc retrieval scenario

The two types of retrieval topics, the three sub-tasks, and the retrieval strategies explored

in each sub-task in the INEX 2005 Ad-hoc track are explained in detail in Chapter 1 (Sub-

section 1.3.4). For each strategy of the three sub-tasks in the ad-hoc retrieval scenario, we

report performance scores obtained with theHiXEval evaluation metric. The reported scores

are obtained from the following measures: one measure at rank cuto�s ( F@r), an overall per-

formance measure (MAP), and two measures used for group result presentation (Prec and

Rec). The HiXEval measures are described in detail in Chapter 5 (Section 5.1).

Results from our metric �delity tests (shown in Section 5.2) have revealed that theF@r

measure is the most appropriate among the threeHiXEval measures at rank cuto�s, in both

cases when system-oriented and user-oriented retrieval tasks are considered. For the ad-hoc

retrieval scenario, we useF@rin conjunction with MAPto determine the best XML retrieval

approach that retrieves as much relevant information as possible, without also retrieving

too much non-relevant information. The HiXEval metric includes the weighting parameter

that controls the level of overlap among the retrieved elements. Two overlap settings are

used in our experiments: the �rst where overlap among the retrieved elements is penalised

(overlap=on ), and the second where overlap is allowed (overlap=off ). We also use at-test

to check whether the observed di�erence in retrieval performance between a pair of runs is

statistically signi�cant ( p < 0:05).

In the following, we present evaluation results obtained under each of the three retrieval

sub-tasks. We start with an explanation of the XML retrieval a pproach we consider in the

ad-hoc retrieval scenario.

6.1.1 XML retrieval approach

The approach we consider in the ad-hoc retrieval scenario is ahybrid XML retrieval app-

roach, combining information retrieval features from Zettair (a full-text search engine) with

XML-speci�c retrieval features from eXist (a native XML data base). Our hybrid XML re-

trieval approach is described in detail in Chapter 3. Here, we brie
y explain the di�erent
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parameters in our hybrid XML retrieval approach that are speci�cally used in the ad-hoc

retrieval scenario.

Similarity measures

A similarity measure is used by Zettair to calculate the similarity score of a document to

a query (represented by terms that appear in the title query of an INEX 2005 topic).

Three similarity measures are currently implemented: Pivot , Okapi, and Dirichlet , and

each measure is respectively based on one of the following information retrieval models: the

vector-space model, the probabilistic model, and the language model. We use optimal values

for the retrieval parameters of the three similarity measures, which were tuned on the INEX

2002 test collection (see Subsection 3.2.3). With our hybrid approach, we investigate which

similarity measure yields the best e�ectiveness for document retrieval in the ad-hoc retrieval

scenario.

Answer granularity

To identify the appropriate granularity of elements to retu rn as answers, we use a retrieval

module that e�ectively utilises the structural informatio n in the eXist list of matching ele-

ments to identify the appropriate granularity of elements to return as answers. Our retrieval

module is capable of distinguishing two types of element answers: contextual (oCRE) ele-

ment answers, which correspond to the lowest common ancestor (LCA) elements of any two

matching elements; andnCREelement answers, which in addition to including the LCA ele-

ments, also include those matching elements whose parents are not recognised as LCAs (see

Subsection 3.2.1). With our hybrid approach, we investigate which answer type brings the

best value in identifying the preferable answer elements inthe ad-hoc retrieval scenario.

Ranking heuristics

In a recent work on whole document retrieval, Anh and Mo�at [2 002] present an empirical

analysis which reveals that, if the retrieval e�ectiveness when using short queries1 is to

be maximised, it is very important that the answer documents contain most (or all) of the

query terms. To explore the validity of the above �nding on XM L retrieval | where elements

rather than whole documents are units of retrieval | we consi der the following set of ranking

heuristics in our retrieval module:
1The short queries are taken to represent queries that contain between two and four query terms.
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Document Answer element T-matches P-length F-frequency

co/2000/r7108 /article[1]/bdy[1]/sec[2] 3 3 9

co/2000/r7108 /article[1]/bdy[1] 3 2 31

co/2000/r7108 /article[1] 3 1 39

co/2000/r7108 /article[1]/bdy[1]/sec[6]/ip1[1] 2 4 2

co/2000/r7108 /article[1]/bm[1]/app[1] 2 3 8

co/2000/r7108 /article[1]/bdy[1]/sec[1] 2 3 5

co/2000/r7108 /article[1]/bdy[1]/sec[4]/p[1] 1 4 2

Table 6.1: Ranked list of CREs for INEX 2005 CO+S topic 203, obtained with TPFranking

heuristic. The oCREalgorithm is used by the CRE module to identify the �nal answers. Rows

in italics represent answer elements that would have been added if the nCREalgorithm had

been used.

1. The number of distinct query terms that appear in a CRE | the more distinct query

term appearances (T), the higher the rank of the CRE.

2. The length of the absolute XPath of the CRE, taken from the root element | the

longer the XPath (P), the higher the rank of the CRE; and

3. The frequency of all the query terms in a CRE | the more frequ ent query term

occurrences (F), the higher the rank of the CRE.

The above set of ranking heuristics is di�erent from the �rst set of heuristics used by our

CRE module and presented in Chapter 3 (Subsection 3.2.2). Indeed, the most important

di�erence between the two sets is that, contrary to the �rst s et of ranking heuristics, the

current set incorporates the knowledge of important query term statistics in the ranking.

There is only one combination of ranking heuristics (TPF) that can be explored in order

to determine the �nal rank of a CRE, provided the ordering of t he heuristics is preserved as

above. With TPF, the CREs are �rst sorted in descending order according to the number of

distinct query terms they contain (the more distinct query t erms a CRE contains, the higher

its rank). Next, if two CREs contain the same number of distinct query terms, the one with

the longer length of its absolute XPath is ranked higher (which ensures that more speci�c

elements are preferred over less speci�c ones). Last, if thelengths of the two absolute XPaths

are also the same, the CRE with more frequent query term occurrences is ranked higher than
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Document Answer element P-length T-matches F-frequency

co/2000/r7108 /article[1]/bdy[1]/sec[6]/ip1[1] 4 2 2

co/2000/r7108 /article[1]/bdy[1]/sec[4]/p[1] 4 1 2

co/2000/r7108 /article[1]/bdy[1]/sec[2] 3 3 9

co/2000/r7108 /article[1]/bm[1]/app[1] 3 2 8

co/2000/r7108 /article[1]/bdy[1]/sec[1] 3 2 5

co/2000/r7108 /article[1]/bdy[1] 2 3 31

co/2000/r7108 /article[1] 1 3 39

Table 6.2: Ranked list of CREs for INEX 2005 CO+S topic 203, obtained with PTFranking

heuristic. The oCREalgorithm is used by the CRE module to identify the �nal answers. Rows

in italics represent answer elements that would have been added if the nCREalgorithm had

been used.

the CRE where query terms occur less frequently. For example, Table 6.1 shows a ranked

list of CREs when using the TPFranking heuristic, obtained for document co/2000/r7108

using the title query of the INEX 2005 CO+S topic 203 (shown in Figure 1.3).

However, we also expect that a reordering of the three heuristics could determine di�erent

CRE ranks.2 We therefore experiment with a second CRE heuristic combination ( PTF), which

allows for more speci�c element answers to appear early in the ranking. Table 6.2 shows a

ranked list of CREs obtained for the same documentco/2000/r7108 , only this time the

PTFranking heuristic is used by our CRE module. With PTF, the CREs are �rst sorted

in descending order according to the length of the absolute XPath of a CRE (where longer

XPath results in a higher rank). Next, if the XPath lengths of two CREs are the same, the

CRE that contains more distinct query terms is ranked higher. Last, if it also happens that

the two CREs contain the same number of distinct query terms,the CRE with more frequent

query term appearances is ranked higher.

With our hybrid approach, we investigate which of the two XML -speci�c ranking heuristic

combinations (TPF or PTF) yields better e�ectiveness for element retrieval in the ad-hoc

retrieval scenario.
2We use the third heuristic to break the ties introduced by the ot her two heuristics, and always apply it

at the end.
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Runs

Table 6.3 lists our INEX 2005 Ad-hoc retrieval runs. The runs di�er depending on which

combination of similarity measure, type of answer elements, or ranking heuristic is used.

Also, some runs allow overlap among the answer elements, whereas others do not. To �lter

overlap, we use a list �ltering approach, where elements that either contain or are contained

by any element residing higher in the ranked list are removedfrom the �nal answer list. An-

other important distinction between the runs concerns their interpretation of the structural

constraints in the CO+S and the CAS topics, where four notations are used to represent

the di�erent interpretations of the target and the support e lements: SS, VS, SV, and VV(see

Subsection 1.3.4).

Our goals with the runs submitted in the Thorough retrieval strategy are threefold. First,

we aim to explore which choice of answer elements (oCREor nCRE) brings better value in

identifying the preferable element answers. Second, for a particular type of answer elements,

we also aim to investigate the impact of the two ranking heuristic combinations (TPFand

PTF) on the retrieval performance. Last, for a particular type of answer elements and a

ranking heuristic combination, we aim to investigate the usefulness of retaining the structural

constraints in the INEX 2005 CO+S topics. Our Thorough runs use the pivoted cosine

(Pivot ) similarity measure in Zettair to generate the initial list of ranked documents.

In addition to the above-stated goals, with the six non-overlapping runs submitted in

the Focussed retrieval strategy we also want to check whether the relative di�erence in the

retrieval behaviour observed between the runs in theThorough strategy is also observed for

the Focussed strategy. That way, it may be possible to determine whether the di�erence in

the observed performance is in
uenced by the retrieval strategy. Our Focussed runs also use

the pivoted cosine (Pivot ) similarity measure in Zettair to generate the ranked document

list.

Our goals with the runs submitted in the FetchBrowse retrieval strategy are also three-

fold. First, we aim to explore which of the three similarity m easures implemented in Zettair

yields the best retrieval performance for document retrieval. Second, we aim to investigate

the extent to which each of the three similarity measures in
uences the retrieval performance

for element retrieval. Last, with using a particular simila rity measure, we also want to check

whether strictly interpreting the structural constraints in the INEX 2005 CO+S topics is

useful for this strategy.

Two runs are submitted for each of theSS, SV, VS, and VVretrieval strategies, resulting
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Topic Answer Ranking Overlap

Run Type Interpretation elements heuristic allowed

CO+S.Thorough

nCRE-CO-PTF CO CO nCRE PTF Yes

nCRE-+S-PTF +S SS nCRE PTF Yes

nCRE-CO-TPF CO CO nCRE TPF Yes

nCRE-+S-TPF +S SS nCRE TPF Yes

oCRE-CO-PTF CO CO oCRE PTF Yes

oCRE-+S-PTF +S SS oCRE PTF Yes

CO+S.Focussed

nCRE-CO-PTF-NO CO CO nCRE PTF No

nCRE-+S-PTF-NO +S SS nCRE PTF No

nCRE-CO-TPF-NO CO CO nCRE TPF No

nCRE-+S-TPF-NO +S SS nCRE TPF No

oCRE-CO-PTF-NO CO CO oCRE PTF No

oCRE-+S-PTF-NO +S SS oCRE PTF No

CO+S.FetchBrowse

Okapi-CO-PTF CO CO nCRE PTF Yes

Okapi-+S-PTF +S SS nCRE PTF Yes

PCosine-CO-PTF CO CO nCRE PTF Yes

PCosine-+S-PTF +S SS nCRE PTF Yes

Dirichlet-CO-PTF CO CO nCRE PTF Yes

Dirichlet-+S-PTF +S SS nCRE PTF Yes

CAS.SS

SS-PTF CAS SS | PTF Yes

SS-TPF CAS SS | TPF Yes

CAS.SV

SV-PTF CAS SV | PTF Yes

SV-TPF CAS SV | TPF Yes

CAS.VS

nCRE-VS-PTF CAS VS nCRE PTF Yes

nCRE-VS-TPF CAS VS nCRE TPF Yes

CAS.VV

nCRE-VV-PTF CAS VV nCRE PTF Yes

nCRE-VV-TPF CAS VV nCRE TPF Yes

Table 6.3: List of nine CO, nine +S, and eight CAS runs submitted in di�erent retrieval

strategies of the INEX 2005 Ad-hoc track.
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F@r

Run rel ret 10 25 50 MAP

nCRE-CO-PTF 3 993 0.0306 0.0766 0.1049 0.0725

nCRE-+S-PTF 2 959 0.0503 0.0613 0.0788 0.0501

nCRE-CO-TPF 3 993 0.0596 0.0900 0.1084 0.0734

nCRE-+S-TPF 2 959 0.0576 0.0675 0.0789 0.0507

oCRE-CO-PTF 4 057 0.0413 0.1009 0.1275 0.0834

oCRE-+S-PTF 2 818 0.0535 0.0742 0.0900 0.0530

Table 6.4: Performance results for three CO and three +S runssubmitted in INEX 2005

Thorough retrieval strategy, obtained with measures inHiXEval and the 29 INEX 2005 CO+S

topics. The rel ret values show the total number of relevant elements retrievedby a run.

For a retrieval strategy and a HiXEval measure, the best performing CO run (the �rst of each

pair of runs) is shown in bold.

in eight runs in total for the CAS sub-task. All the CAS runs use the pivoted cosine (Pivot )

similarity measure in Zettair to generate the initial list o f ranked documents. By evaluating

the eight CAS runs against each of the four retrieval strategies, we aim to determine the extent

to which interpreting structural conditions | in support el ements, in the target element, or

in both | has an e�ect on the overall retrieval performance, w hen separately measured on

each of the four CAS retrieval strategies.

6.1.2 INEX 2005 CO and +S sub-tasks

The retrieval e�ectiveness of our runs on the INEX 2005 CO+S topics is separately evaluated

under three retrieval strategies: Thorough, Focussed, and FetchBrowse.

Thorough retrieval strategy

The evaluation results of our INEX 2005 CO and +S runs for this strategy are shown in

Table 6.4. Here, retrieving overlapping relevant information among elements is allowed by

the metric (overlap=off ). Several observations can be drawn from these results.

First, when comparing the two algorithms on how well they identify the preferable an-

swer elements (see the twoCO-PTFruns), we observe that | with all measures | better

performance is achieved with theoCREalgorithm than with nCRE. The observed performance
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di�erence is statistically signi�cant with the three F@rmeasures (but not with MAP), which

shows that, for the Thorough retrieval strategy, identifying and retrieving the top 50 L CA

answer elements brings better retrieval value than retrieving more speci�c answers in addition

to the LCA element answers.

Second, when comparing the two ranking heuristic combinations (see the twonCRE-CO

runs), we observe that (again) with all measures, theTPFheuristic combination | which

�rst ranks those element answers that contain most of the distinct query terms, irrespective

of how speci�c these elements are | performs better than the PTFheuristic combination

(which ranks more speci�c element answers �rst). In this case, the observed performance

di�erence is again statistically signi�cant with the three F@rmeasures (but not with MAP).

Finally, when comparing each CO run with its corresponding +S run (see the three pairs of

runs using the same ranking heuristic), the obtained results show that using structural hints

from the INEX 2005 CO+S topics does not result in better (early or overall) performance for

the Thorough retrieval strategy. The most likely reason for this behaviour is that, as shown

in Table 6.4, approximately 35% more relevant elements are retrieved by CO than by +S

runs in the Thorough retrieval strategy, resulting in better overall recall whi le at the same

time retaining equal or better precision for the three CO runs.

Focussed retrieval strategy

The evaluation results of our INEX 2005 CO and +S runs for theFocussed retrieval strategy

are shown in Table 6.5. Contrary to the Thorough retrieval strategy, in this case retrieving

overlapping relevant information among elements is penalised by the metric (overlap=on ).

Since the six non-overlapping runs submitted in theFocussed retrieval strategy were

created from their correspondingThorough runs, we observe that the relative performance

di�erence among the runs is similar across the two strategies. It is not surprising, therefore,

that the same observations can be drawn for the comparison between the two algorithms for

identifying the preferable answer elements, and for the comparison between the two heuristic

combinations for ranking the �nal answers. Indeed, with the three F@rmeasures retrieving

the oCREanswer elements again results in a signi�cantly better retrieval performance than

when retrieving the nCREanswer elements, while with the same measures theTPFranking

heuristic combination again performs signi�cantly better than PTF.

However, unlike for the Thorough retrieval strategy, here the choice of using structural

hints from the CO+S topics doesmake a di�erence on the observed retrieval performance.
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F@r

Run rel ret 10 25 50 MAP

nCRE-CO-PTF-NO 1 960 0.0645 0.1083 0.1314 0.1045

nCRE-+S-PTF-NO 1 778 0.1244 0.1214 0.1160 0.1120

nCRE-CO-TPF-NO 1 439 0.0994 0.1307 0.1527 0.1172

nCRE-+S-TPF-NO 1 403 0.1483 0.1319 0.1298 0.1204

oCRE-CO-PTF-NO 1 838 0.0954 0.1538 0.1643 0.1176

oCRE-+S-PTF-NO 1 635 0.1302 0.1403 0.1313 0.1117

Table 6.5: Performance results for three CO and three +S runssubmitted in INEX 2005

Focussed retrieval strategy, obtained with measures inHiXEval and the 29 INEX 2005 CO+S

topics. The rel ret values show the total number of relevant elements retrievedby a run.

For a retrieval strategy and a HiXEval measure, the best performing CO run (the �rst of each

pair of runs) is shown in bold.

More speci�cally, when comparing each CO run with its corresponding +S run, with the

F@10measure the retrieval performance achieved with the +S runsis signi�cantly better than

that achieved by their corresponding CO runs. With MAP, overall performance improvement

is only observed among runs using thenCREanswer elements, however this improvement is

not statistically signi�cant. For the Focussed retrieval strategy, approximately 10% more

relevant elements are retrieved by the CO runs than those retrieved by the +S runs.

The XML retrieval strategy, therefore, seems to in
uence how structural hints in the INEX

2005 CO+S topics should be interpreted. More speci�cally, structural hints are useful for the

Focussed retrieval strategy where signi�cant increase in retrieval performance is observed at

ten or fewer elements retrieved, but they are not useful for the Thorough retrieval strategy.

FetchBrowse retrieval strategy

The evaluation methodology for this strategy is di�erent th an the one used for the previous

two strategies. Here, two separate evaluation results are reported: an article-level result and

an element-level result [Kazai and Lalmas, 2006a].

Article-level results The article-level results were calculated on article-level runs by

using the following methodology: for each submitted CO or +Srun, an article-level run was

constructed by �ltering the set of element answers and considering only one element answer
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F@r

Run rel ret 10 25 50 MAP

Okapi-CO-PTF 588 0.1376 0.1259 0.0978 0.0873

Okapi-+S-PTF 769 0.1331 0.1151 0.0906 0.0822

PCosine-CO-PTF 668 0.1544 0.1327 0.0971 0.0880

PCosine-+S-PTF 791 0.1469 0.1239 0.0890 0.0783

Dirichlet-CO-PTF 644 0.1371 0.1276 0.0967 0.0812

Dirichlet-+S-PTF 757 0.1270 0.1128 0.0843 0.0761

Table 6.6: Performance results for three CO and three +S runssubmitted in the INEX 2005

FetchBrowse article-level retrieval strategy, obtained with measuresin HiXEval and the 29

INEX 2005 CO+S topics. The rel ret values show the total number of relevant documents

retrieved by a run. For a retrieval strategy and aHiXEval measure, the best performing CO

run (the �rst of each pair of runs) is shown in bold.

per document, which represents the full article element. The INEX 2005 CO+S relevance

assessments were also �ltered such that only full article elements remain. Since articles

do not overlap, the overlap setting in HiXEval does not make a di�erence on the reported

article-level results.

By measuring the article-level results obtained from our threeFetchBrowse CO runs, we

aim at investigating which of the three similarity measuresimplemented in Zettair ( PCosine,

Okapi, or Dirichlet ) yields the best retrieval performance for document retrieval. Table 6.6

shows the results of this analysis. We observe that, among the three CO runs, with all but

the F@50measurePCosine performs better than the other two similarity measures. The

observed di�erences in performance betweenPCosine and the two measures are, however,

not statistically signi�cant. Of the other two similarity m easures, both overall and at early

rank cuto�s Okapi performs better than Dirichlet . The di�erences in performance between

Okapi and Dirichlet obtained with the four measures are also not statistically signi�cant.

The graph in Figure 6.1 shows this performance trend among the three similarity measures.

When the article-level CO runs are compared to their corresponding +S runs, the obtained

results show that using structural hints from the INEX 2005 CO+S topics does not lead to

better retrieval performance for document retrieval. As shown in Table 6.6, in this case

slightly more relevant documents are retrieved by a +S article run than by its corresponding

CO article run.
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Figure 6.1: Evaluation of the overall performance of three CO runs submitted in INEX 2005

FetchBrowse article-level retrieval strategy, usingHiXEval .

Element-level results The element-level results were calculated on the CO or +S runs

that were initially submitted. Both overlap settings ( on,off ) are used byHiXEval for the

element-level retrieval strategy.

Table 6.7 shows results for theFetchBrowse retrieval strategy when elements are units

of retrieval. By measuring the element-level results obtained from our three FetchBrowse

CO runs (the �rst run from each of the three run pairs), we aim t o investigate the extent

to which each of the three similarity measures in Zettair in
 uences the performance for

element retrieval. The trend in these results is clear: for the FetchBrowse element-level

retrieval strategy, the PCosine run yields the highest retrieval performance among the three

CO runs, irrespective of the measureand the overlap setting used. Signi�cant di�erences

in performance between thePCosine run and the other two CO element-level runs are only

observed with the recall (Rec) measure. Of the other two element-level CO runs,Okapi

clearly outperforms Dirichlet , but the performance di�erence is again signi�cant only wit h

Rec.

When the performance of each CO run is compared to that of its corresponding +S run

(the two runs in each of the three run pairs), we observe that the overlap setting doeshave
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overlap=o� overlap=on

Run rel ret Prec Rec MAP Prec Rec MAP

Okapi-CO-PTF 3 856 0.0624 0.2005 0.0235 0.0412 0.3035 0.0283

Okapi-+S-PTF 2 950 0.0597 0.1230 0.0178 0.0468 0.2680 0.0298

PCosine-CO-PTF 3 993 0.0663 0.2309 0.0243 0.0429 0.3390 0.0290

PCosine-+S-PTF 2 959 0.0632 0.1365 0.0189 0.0484 0.2859 0.0302

Dirichlet-CO-PTF 3 883 0.0605 0.1773 0.0229 0.0406 0.2704 0.0279

Dirichlet-+S-PTF 2 882 0.0605 0.1070 0.0174 0.0483 0.2425 0.0300

Table 6.7: Performance results for three CO and three +S runssubmitted in the INEX 2005

FetchBrowse element-level retrieval strategy, obtained with measuresin HiXEval and the 29

INEX 2005 CO+S topics. The rel ret values show the total number of relevant elements

retrieved by a run. Both overlap settings (on,off ) are used byHiXEval for the element-level

retrieval strategy. For an overlap setting and aHiXEval measure, the best performing CO

run (the �rst of each pair of runs) is shown in bold.

an impact on the measured performance. When overlap is allowed (overlap=off ), results

obtained from all measures show that the structural hints from the INEX 2005 CO+S topics

are not useful. However, when overlap is penalised (overlap=on ), results show that using

structural hints brings better value in retrieving relevan t information, which is re
ected in

increased performance scores as measured by bothPrec and MAP. With these measures,

the observed performance di�erence between each +S run and its corresponding CO run

is, however, not statistically signi�cant. This suggests that using structural hints from the

INEX 2005 CO+S topics could be a useful feature in theFetchBrowse element-level retrieval

strategy, provided that the level of overlap among the retrieved elements is penalised by the

metric.

6.1.3 INEX 2005 CAS sub-task

The four retrieval strategies explored in the INEX 2005 CAS sub-task | SS, SV, VS, and

VV| represent the four possible combinations of interpreting both the target (the �rst letter)

and support (the second letter) elements. Trotman and Lalmas [2006a] perform an extensive

analysis of the performance of all the runs submitted to the INEX 2005 CAS sub-task, which

reveals that those retrieval strategies that share the sameinterpretation of the target element
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F@r

Run rel ret 10 25 50 MAP

SSCAS

SS-PTF 307 0.0411 0.0517 0.0658 0.0453

SS-TPF 307 0.0464 0.0547 0.0708 0.0472

SV-PTF 466 0.0271 0.0423 0.0539 0.0519

SV-TPF 466 0.0381 0.0467 0.0588 0.0550

SVCAS

SS-PTF 458 0.0619 0.0777 0.0959 0.0606

SS-TPF 458 0.0685 0.0801 0.1003 0.0623

SV-PTF 676 0.0233 0.0390 0.0534 0.0467

SV-TPF 676 0.0345 0.0461 0.0578 0.0494

VSCAS

nCRE-VS-PTF 483 0.0172 0.0308 0.0467 0.0286

nCRE-VS-TPF 483 0.0411 0.0448 0.0506 0.0318

nCRE-VV-PTF 706 0.0141 0.0271 0.0556 0.0465

nCRE-VV-TPF 706 0.0380 0.0412 0.0594 0.0492

VVCAS

nCRE-VS-PTF 772 0.0182 0.0410 0.0704 0.0418

nCRE-VS-TPF 772 0.0541 0.0639 0.0772 0.0440

nCRE-VV-PTF 1 492 0.0110 0.0261 0.0649 0.0582

nCRE-VV-TPF 1 492 0.0463 0.0555 0.0713 0.0627

Table 6.8: Performance results for CAS runs submitted in the INEX 2005 SS, SV, VS, and

VV retrieval strategies, obtained with measures inHiXEval . The rel ret values show the

total number of relevant elements retrieved by a run. Theoverlap=off setting is used by

HiXEval for each retrieval strategy. For a retrieval strategy and aHiXEval measure, the best

performing CAS run is shown in bold.
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correlate. In the following, we con�rm their �ndings by anal ysing the retrieval performances

of our eight CAS runs. More speci�cally, we evaluate the performances of the four runs

that strictly interpret the target element under both the SSand the SVretrieval strategies;

likewise, we evaluate the performances of the four runs thatvaguely interpret the target

element under both the VSand the VVretrieval strategies.

Table 6.8 shows evaluation results of our CAS runs obtained for each of the four retrieval

strategies using measures in theHiXEval metric. Here, the level of overlap among retrieved

elements is allowed (overlap=off ). For the two retrieval strategies that strictly interpret the

target element (SSand SV), we observe that | with the three measures at rank cuto�s | th e

best performing run in the SSstrategy, when submitted to the SVstrategy, again performs

best. On the other hand, we observe similar (but not identical) behaviour for the two

retrieval strategies that allow for a vague interpretation of the target element (VSand VV).

More speci�cally, with all but the F@50measure, the best performing run in theVSstrategy

also performs best when submitted to theVVstrategy.

Table 6.8 also shows that the retrieval performance of our CAS runs that use the TPF

ranking heuristic combination is consistently better than that of runs using PTF, regardless of

the retrieval strategy or the evaluation measure used. Signi�cant di�erences in performance

between runs implementing the two heuristic combinations are only observed with F@10for

the VVretrieval strategy.

6.2 Multimedia retrieval scenario

The research activities carried out as part of the INEX 2005 Multimedia (MM) track are

brie
y explained in Chapter 1 (Subsection 1.3.4). As an initial task, the INEX 2005 MM track

participants were asked to propose several topics that might represent typical information

needs expressed by users of the Lonely Planet document collection. For example, Figure 6.2

shows the full speci�cation of the INEX 2005 MM topic 6 (proposed by the RMIT group),

which includes a query image as part of the topic title.

In the INEX 2005 MM track, the strict query interpretation ( SS) was used to interpret

the retrieval topics. There are two types of elements in an INEX 2005 MM topic: a target

element, and support elements. The target element is the last element in the query path,

and speci�es the element type that should be returned as an answer. Support elements

specify additional structural conditions that should be met by the topic. For the topic in

Figure 6.2, the target element of the query//destination//images//image indicates that
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<?xml version="1.0" encoding="ISO-8859-1"?>

<!DOCTYPE inex_topic SYSTEM "topic.dtd">

<inex_topic topic_id="mm6" inex_track="MM" query_type= "CAS" ct_no="14">

<castitle>

//destination[about(., Europe) and about(.//culture//h istory, king queen)]

//images//image[about(., royal palace residence src:/im ages/BN7386_10.jpg)]

</castitle>

<description> From all European destinations that were rul ed by either

a king or a queen in their cultural history, find images depic ting a royal

palace residence. </description>

<narrative>We are a group of historians interested in royal palaces. We

want to visit destinations that contain at least one royal pa lace. We are

focused on European destinations that were ruled by either a king or a

queen in their cultural history. From these destinations, w e want to find

images depicting a royal palace residence.</narrative>

</inex_topic>

Figure 6.2: INEX 2005 MM topic 6, with image BN7386 10.jpg, the Royal Palace in Norway,

in the target element.



6.2. MULTIMEDIA RETRIEVAL SCENARIO 201

Topic category

1 (text-only) 2 (support-image) 3 (target-image)

Number of o�cial topics 8 4 7

Number of extendedtopics 12 4 7

Table 6.9: Distribution of two types of INEX 2005 MM topics across three topic categories.

the elements of type image should be returned as answers. The support elements of the

query are //destination and //destination//culture//history .

In total, twenty-three MM topics that have corresponding rel evance assessments were

formulated for the INEX 2005 MM test collection. They belong to three categories:

1. Topics that contain only text. This topic category does not include any image references

in either the target or the support elements;

2. Topics that contain a mixture of images and text, where theimage reference is explicitly

included in the about clause of thesupport elements; and

3. Topics that contain a mixture of images and text, where theimage reference is explicitly

included in the about clause of thetarget element.

The INEX 2005 MM relevance assessments were divided into twosets: o�cial and ex-

tended. The o�cial assessment set includes 19 topics whose target elements were exactly

matched with the relevant elements found in the relevance assessments. Theextended as-

sessment set has 23 topics, where the target elements of the additional four topics did not

match the relevant elements found in their relevance assessments. These four topics were

misinterpreted during the assessment procedure. Table 6.9shows the distribution of the two

types of INEX 2005 MM topics across the three topic categories. The topic example shown

in Figure 6.2 is an o�cial topic, and it belongs to the third to pic category. We use topics in

the o�cial relevance assessment set to compare the retrieval performance of the submitted

runs in the INEX 2005 MM track.

We use measures from theHiXEval evaluation metric to evaluate the retrieval e�ectiveness

of our submitted runs. The reported scores are obtained fromone measure at rank cuto�s

(P@r) and two overall performance measures (MAPand R-prec ). These measures are described

in detail in Chapter 5 (Section 5.1).
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For the multimedia retrieval scenario, we useP@rand R-prec in order to determine the

best XML retrieval approach that does not retrieve too much non-relevant information. We

use measures biased towards precision for this retrieval scenario because elements that refer

to the actual images in the collection are highlighted as complete units, which is di�erent from

the ad-hoc retrieval scenario where varying amount of relevant information can be highlighted

in an element. We use three rank cuto� vales with P@r: 1, 5, and 10, with the aim of �nding

the XML retrieval approach that identi�es most of these relevant multimedia elements among

the �rst ten retrieved elements. The TREC evaluation metric [Voorhees and Harman, 2005]

was adopted as an o�cial evaluation metric at the INEX 2005 MM track. A comparative

analysis of the results obtained with P@r, MAP, and R-prec measures inHiXEval and their

corresponding measures in the TREC evaluation metric for all runs o�cially submitted by

participating groups in the INEX 2005 MM track is provided in Appendix C.

The HiXEval metric includes the weighting parameter that controls the level of overlap

among the retrieved elements. We use the settingoverlap=off for the multimedia retrieval

scenario, which means that overlap among the retrieved elements is allowed. We also use

a t-test to check whether the observed di�erence in performance between a pair of runs is

statistically signi�cant ( p < 0:05).

Our goal in the multimedia retrieval scenario is to explore and analyse methods for

combining evidence from content-based image retrieval (CBIR) and content-oriented XML

retrieval. In the remainder of this section, we describe andevaluate the retrieval e�ectiveness

of a fusion system that combines evidence and ranks the queryresults based on text and

image similarity. The fusion system consists of two subsystems: the GNU Image Finding

Tool (GIFT), 3 and the hybrid XML retrieval system. A technique for linear c ombination of

evidence is used to merge the relevance scores from the two subsystems. Six runs submitted

by our group are considered to evaluate the relative importance of image and content-based

text components. We also extend our work on the initially submitted runs to further examine

the parameter that in
uences the weighting scheme between the two subsystems.

6.2.1 XML retrieval approach

Our fusion system consists of two subsystems to obtain retrieval results for the INEX 2005

MM topics. Since the XML document structure serves as a semantic backbone for retrieving

the multimedia elements, we �rst use a system that utilises our hybrid approach to XML

3http://www.gnu.org/software/gift/
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retrieval to retrieve the relevant element answers. The GNUImage Finding Tool (GIFT) is

then used to retrieve the elements based on the visual features of the contained images.

We aim to achieve the chorus e�ect. According to Vogt and Cottrell [1998], \The cho-

rus e�ect occurs when several retrieval approaches suggestthat an item is relevant to a

query [...] this tends to be stronger evidence for relevancethan a single approach doing so".

To achieve this, we use data fusion techniques to combine theevidence obtained from GIFT

and the hybrid XML retrieval system in three phases [Tsikrika and Lalmas, 2001]:

1. The collection selection phase identi�es the document collection that is most likely to

contain relevant elements for the user queries.

2. The element selectionphase determines the number of relevant elements to be retrieved

from the document collection.

3. The merging (or fusion) phase combines the evidence from multiple retrieval systems.

Phase one: Collection selection We view the Lonely Planet collection as having two

di�erent groups of information items that are related to one another. The �rst group contains

the XML text documents (the Text-only collection), while the second contains images (the

Image-only collection). The XML text documents are used to process all the INEX 2005

MM topics, while the image data is only used for topics that belong to the second and the

third topic categories.

Phase two: Element selection In this phase, each subsystem retrieves elements (text

or images) and returns a list of retrieval status values (RSVs) presented in descending order of

their estimated likelihood of relevance. Only the �rst 250 top-ranked elements are returned

from our content-oriented hybrid XML retrieval system. For G IFT, the RSVs of all the

images in the collection are returned. In the following we explain how each subsystem is

used to generate RSVs for an INEX 2005 MM topic; the lists are later merged in phase three

to produce the �nal results.

Content-Based Image RetrievalThe CBIR systems aim to retrieve images on the basis

of features automatically extracted from the images themselves. For example, the GIFT

system indexes an image collection by extracting image features and indexing them using an

inverted �le data structure [Squire et al., 2000].

GIFT uses the HSV (Hue-Saturation-Value) colour space for local and global colour

features [Squire et al., 2000]. For extracting the image texture, a bank of circularly symmetric

Gabor �lters is used. GIFT evaluates and calculates the query image and the target image
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Figure 6.3: Querying image BN738610.jpg using GIFT.

feature similarity based on the data from the inverted �le. T he query results are then

presented to the user in the form of a ranked list. GIFT also provides a mechanism to

perform relevance feedback; however, no relevance feedback was performed in this work.

For an INEX 2005 MM topic, we present the image listed in the source (src: ) of the MM

query as a query image to GIFT. We use the default Classical IDF algorithm and set the

search pruning option to 100%. This allows us to perform a complete feature evaluation for

the query image, even though the query processing time is longer. We retrieved and ranked

all the images in the Lonely Planet collection.

Figure 6.3 shows a screenshot of the GIFT query using the sample image from the INEX

2005 MM topic 6 (shown in Figure 6.2). The query results are presented in Figure 6.4, where

the RSVs are ranked in descending order from left to right, and top to bottom.

Content-Oriented Hybrid XML Retrieval The subsystem used for text retrieval in the

multimedia retrieval scenario follows the hybrid XML retrieval approach, as described in

Subsection 6.1.1. For the INEX 2005 MM topics, we used our hybrid XML retrieval subsystem

as follows. First, each multimedia topic was automatically translated into a Zettair query.

Terms that appear in the castitle query of the topic (with all structural query constraints
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Figure 6.4: First twenty GIFT results for the image query shown in Figure 6.3.

and image references removed) were used to formulate the Zettair query. A list of (up to)

250 documents were presented in descending order accordingto their estimated likelihood of

relevance, with PCosine used as a default similarity measure. To retrieveelements rather

than full documents, a second topic translation module was used to formulate a query to

eXist. As the support and target elements in each topic were strictly matched, both the

terms and the structural query constraints (without the act ual src image references) were

used to formulate the eXist query. The eXist OR query operator was used to generate the list

of matching elements for an INEX 2005 MM topic. This list contains at most 250 matching

elements, taken from documents that were highly ranked in the list of documents previously

returned by Zettair. Last, our post-processing CRE retrieval module was used to produce the

�nal list of RSVs. Since target elements in the INEX 2005 MM topics were strictly matched,

the CRE module did not use any of the two algorithms for identifying the preferable answer

granularity, while the TPFheuristic combination (described in Subsection 6.1.1) wasused to

rank the �nal list of RSVs.
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Topic

Run ID Type Interpretation Retrieval system Collection � value

rmit-0 CAS SS Hybrid XML Text-only 0.0

rmit-1 CAS SS Hybrid XML & GIFT Text-only & Image-only 0.1

rmit-2 CAS SS Hybrid XML & GIFT Text-only & Image-only 0.3

rmit-3 CAS SS Hybrid XML & GIFT Text-only & Image-only 0.5

rmit-4 CAS SS Hybrid XML & GIFT Text-only & Image-only 0.9

rmit-5 CAS SS GIFT Image-only 1.0

Table 6.10: List of six RMIT CAS runs o�cially submitted in the INEX 2005 MM track.

Phase three: Merging evidence of CBIR and hybrid XML retrieval To fuse the

two RSV lists into a single ranked result list R for an INEX 2005 MM topic, we use a simple

linear combination of evidence [Aslandogan and Yu, 2000]:

R = � � SI + (1 � � ) � ST

Here, � is a weighting parameter (determines the weight of GIFT versus hybrid XML

retrieval), SI represents the image RSV obtained from GIFT, andST is the RSV of the same

image obtained from the hybrid XML retrieval system. For example, when the value of �

is set to 1, only the RSVs from GIFT are used. On the other hand,only the hybrid XML

retrieval RSVs are used when the value of� is set to 0.

Runs

To investigate the e�ect of giving certain biases to a system, we vary the � value between

0 to 1. For the INEX 2005 MM track, we o�cially submitted six ru ns with the � value

set to 0.0, 0.1, 0.3, 0.5, 0.9 and 1.0, respectively. Table 6.10 lists our six INEX 2005 MM

retrieval runs, and shows the di�erent values for the parameter � along with the systems and

collections used for each run.

6.2.2 INEX 2005 MM task

Evaluation results for our six runs o�cially submitted in th e INEX 2005 MM track are

presented in this subsection, by using the 19 topics that belong to the o�cial INEX 2005
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HiXEval

Run rel ret P@1 P@5 P@10 MAP R-Prec

rmit-0 202 0.3498 0.2668 0.2179 0.1952 0.2485

rmit-1 202 0.3491 0.2669 0.2177 0.1958 0.2485

rmit-2 202 0.3465 0.2664 0.2216 0.1960 0.2479

rmit-3 202 0.3488 0.2563 0.2176 0.1953 0.2479

rmit-4 202 0.4014 0.2358 0.1938 0.1930 0.2429

rmit-5 202 0.3626 0.2150 0.1671 0.1700 0.1935

Table 6.11: Performance results for six RMIT runs o�cially s ubmitted in the INEX 2005

MM track, obtained with the P@r(values 1, 5, and 10),MAPand R-Prec measures inHiXEval .

The 19 o�cial INEX 2005 MM topics are used for evaluation. The rel ret values show the

total number of relevant elements retrieved by a run. Best run performances obtained under

each measure are shown in bold.

MM test collection. We also present results obtained from our additional runs that re
ect

various values for the weighting parameter� .

O�cial RMIT runs

Table 6.11 shows the performance results of the six RMIT runso�cially submitted in the

INEX 2005 MM track. At one element retrieved, the highest precision among the RMIT runs

is observed for runrmit-4 (with the value for � = 0 :9); however, no signi�cant di�erences in

performance are observed withP@1between this run and each of the other �ve runs. With

P@5, the best performance is achieved byrmit-3 (� = 0.5), although in this case combining

evidence from text and image at the same weight leads to similar performance as when�

values of 0.0, 0.1 and 0.3 are used (re
ected by the observed performance of runsrmit-0 to

rmit-3 ). No signi�cant di�erences in performance are also observed between the run pairs

in this case. The best performance withP@10is achieved with the run rmit-2 (� = 0.3),

which also produces the best performance withMAP. With these two measures, signi�cant

di�erence in performance is only observed between this run and run rmit-5 (� = 1.0). With

R-prec , runs rmit-0 and rmit-1 perform best and exhibit almost identical performance. As

with MAP, signi�cant di�erences in performance are again observed between each of these two

runs and run rmit-5 .
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Figure 6.5: Evaluation of the overall performance of six RMIT runs o�cially submitted in

the INEX 2005 MM track, using HiXEval .

The graph in Figure 6.5 shows interpolated average precision values calculated at 11

standard recall levels for the six o�cially submitted RMIT r uns, which were obtained with

the HiXEval metric. The four RMIT runs ( rmit-0 , rmit-1 , rmit-2 , rmit-3 ) produce the

best (and almost identical) overall performances, while asreported previously the rmit-4

run performs best at low recall levels. A constant performance can be seen for all the runs

at recall level 0.8 and above.

Additional RMIT runs

To analyse the changes in performance when the parameter� varies between 0 and 1, we

performed additional runs at � intervals of 0.05. Figure 6.6 shows the performance of our

runs for 20 di�erent values of the parameter � , as measured by the three precision measures

(P@1, P@5and P@10) in HiXEval . We observe that the best performance underP@1is achieved

with two � values: 0.85 and 0.9. However, the di�erences in performance achieved with each

of these two values to that achieved with any of the other � values are observed only for

one topic, and are therefore not statistically signi�cant. The best performance underP@5is

achieved when� = 0 :4, but the di�erences with the other � values are again not statistically

signi�cant. With P@10, the best performance is achieved with six� values that fall in the
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Figure 6.6: Performance results for additional RMIT runs obtained with Precision at rank

cut-o�s 1, 5 and 10 in HiXEval , as parameter � varies from 0.0 to 1.0.

range 0:15 � � � 0:4. Here, we observe signi�cant di�erences in performance between each

of these six� values and the value� = 1 :0.

The highest MAPperformance is achieved when� = 0 :25, which can be seen in Figure 6.7.

With MAP, the di�erences in performance observed between the optimal and the other �

values are not statistically signi�cant. The highest R-prec performance is achieved with the

four values of � less or equal to 0.15. Figure 6.7 also illustrates theR-Prec performance

using the range of 20 values for the� parameter. Here, signi�cant di�erences in performance

are observed between each of these four� values and the values� = 0 :95 and � = 1 :0.

The above evaluation results show that the precision of the content-oriented XML retrieval

system bene�ts by using some evidence from a CBIR system; indeed, as measured by both

P@10and R-prec , increasing the weight of the hybrid XML retrieval system component in

the fusion system (0< � � 0:4) yields signi�cantly better performance than when the GIF T

subsystem is used in isolation (� = 1), and at the same time it achieves better performance

than that achieved by the hybrid XML retrieval system. When o nly a CBIR system is used

to retrieve the multimedia elements, performance is poor.
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Figure 6.7: Performance results for additional RMIT runs obtained with MAPand R-prec in

HiXEval , as parameter � varies from 0.0 to 1.0.

6.3 Summary

In this chapter, we have investigated the e�ectiveness of di�erent XML retrieval approaches

when considering two distinct scenarios of XML retrieval: the ad-hoc retrieval scenario,

and the multimedia retrieval scenario. For each XML retrieval scenario, we have presented

evaluation results obtained with measures in theHiXEval evaluation metric.

In the ad-hoc retrieval scenario, we have tested three similarity measures, two ways of

identifying the appropriate element granularity, and two X ML-speci�c ranking heuristics

under di�erent retrieval strategies in both the CO+S and the CAS sub-tasks. For the CO+S

sub-task, signi�cantly better performance is achieved whenour retrieval module returns 50 or

less LCA answer elements (oCRE), and not when more speci�c answer elements are retrieved

in addition to the LCA elements ( nCRE). Moreover, after returning the same number of

elements, a signi�cantly better value in retrieving relevant information is achieved when the

retrieval module uses the heuristic combination that �rst r anks those answers that contain

most of the distinct query terms (TPF) than with the heuristic combination that ranks more

speci�c answers �rst (PTF). Using structural hints in the CO+S topics does not lead to

more precise search; however, we have observed that structural hints improve both early and

overall precision only for those retrieval strategies that do not allow overlapping elements
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to be retrieved. More speci�cally, at ten or less elements retrieved the Focussed retrieval

strategy bene�ts signi�cantly from the structural hints, w hereas structural hints could also be

useful for the FetchBrowse element-level retrieval strategy. There is no visible performance

improvement when using the structural hints in the Thorough retrieval strategy. For the

CAS sub-task we have observed that, regardless of the way the constraints in a CAS topic are

interpreted, the TPFranking heuristic produces consistently better performance than the PTF

ranking heuristic. Importantly, for the CAS sub-task we have veri�ed the previous �nding

by Trotman and Lalmas [2006a] that the structure component of INEX 2005 CAS topics

should only be interpreted in two di�erent ways: one that all ows for strict interpretation of

the target element, and another that allows for its vague interpretation.

In the multimedia retrieval scenario, we have investigatedthe retrieval performance of our

approach of combining evidence from a content-oriented XML retrieval system and a content-

based image retrieval system, using a linear combination ofevidence. We have submitted six

runs for o�cial evaluation in the INEX 2005 MM retrieval task , which re
ect the six relative

weights of 0 to 1 for the combining parameter � . We also carried out additional runs to

examine the e�ect of varying the parameter used for the linear combination of evidence (� ).

Having � = 0 :25 leads to the highestMAP, and the best R-prec values are when� is less or

equal to 0.15. We conclude that a CBIR system needssigni�cant support from a text-based

system to e�ectively retrieve the desired images in a collection. Conversely, retrieving images

based only on the surrounding text can be achieved without using a CBIR system, but better

retrieval performance will be observed if some evidence from a CBIR system is incorporated.
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Chapter 7

Conclusions and Future Work

In this thesis we have addressed several fundamental questions in XML information retrieval.

We focussed on how information retrieval and database approaches could be combined for

e�ective XML retrieval; how relevance should be de�ned in XM L retrieval; how the e�ec-

tiveness of XML retrieval systems should be evaluated; and how information retrieval from

XML document collections can be used in di�erent application scenarios. In this chapter, we

summarise our �ndings and draw conclusions from the resultsof our experiments. We also

outline future research that may build on the work describedin this thesis.

7.1 Hybrid approach for e�ective XML retrieval

In Chapter 3 we investigated the implications that arise when three retrieval approaches, a

full-text information retrieval approach using Zettair, a n ative XML database using eXist,

and a hybrid approach that combines text search with XML-speci�c retrieval features, are

applied to XML retrieval. The retrieval e�ectiveness of each approach was evaluated on the

CO and the CAS topics of two test collections (INEX 2003 and 2004) and on di�erent XML

retrieval tasks, using measures from the o�cial INEX evaluation metric.

The two cases of relevance assessments, General and Speci�c, identi�ed as a result of

our analysis of the INEX 2003 and 2004 relevance assessments, can be used to approximate

di�erent XML retrieval tasks. We showed that the parameters and the performance of the

three XML retrieval approaches can vary widely, depending on which particular task is used.

Moreover, the knowledge of the existing topic category (such as Broad or Narrow) can, for

some retrieval tasks, also in
uence the optimal choice of retrieval parameters.

We demonstrated that, on the INEX 2003 and 2004 CO and CAS topics, the full-text in-

213
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formation retrieval approach can be used to e�ectively retrieve thehighly relevantdocuments

residing in the IEEE XML document collection. This is partic ularly true for the General

retrieval task and for retrieval topics that belong to the Br oad topic category. However, due

to its inability to index and retrieve more speci�c elements, the full-text information retrieval

approach is not useful for the Speci�c retrieval task, and particularly not for the retrieval

topics that belong to the Narrow topic category. The native XML database approach, on

the other hand, is the least e�ective XML retrieval approach. We identi�ed two factors that

in
uence this performance behaviour: �rst, it does not have the ability to locate the likely

relevant documents early in the retrieval process; and second, it retrieves only the most

speci�c (matching) elements, without being able to identify and rank the preferable units of

retrieval.

We showed that our hybrid XML retrieval approach combines the best features from these

two approaches. We explored both the technological and the retrieval modelling aspects of the

hybrid approach, and presented a range of methods that dynamically identify the appropriate

level of answer granularity andrank the �nal answers. The results of our experiments on the

INEX 2003 and 2004 test collections | using both the CO and the CAS topics, the three

cases of relevance assessments, and the two topic categories | have demonstrated that the

hybrid approach successfully addresses the issues previously identi�ed with the other two

approaches, and yields robust and e�ective content-oriented XML retrieval.

In future, the algorithms in our retrieval module could be better adapted to particular

retrieval tasks or user models. More speci�cally, it would be worthwhile to investigate whether

including the knowledge of structural roles could have a positive impact on the preferred

granularity of answer elements. A structural role may be used to group contextually similar

elements in an XML document collection [Wol� et al., 2000]. This essentially enables a query

term, which may be used to describe one or more semantic concepts, to also be associated with

one or more roles. For example, if a user wants to search an XMLdocument collection to �nd

scienti�c articles written by a particular author, the auth or's name may be enclosed within

<first author> or <cited author> element tags. Two semantic concepts can therefore

be distinguished from this example, resulting in two di�erent roles: a role Authors, which

recognises the author's name as being an author of the document; and a role Citations,

which recognises the name as being an author of a research work that has been cited in the

document. In such situations, the XML retrieval system can either further interact with the

user by allowing them to choose the desired group of contextually similar elements (that is,

the desired role), or it can limit the granularity of the presented answers by retrieving those
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elements which only belong to the role that has beendynamically determined as the most

appropriate. It is the latter choice that we hope to continue to further in vestigate, develop,

and include in our retrieval module. We believe that this could also be a useful research

activity for the XML document mining task.

In addition, the e�ciency of our hybrid approach could be imp roved by incorporating full-

text information retrieval features in eXist. By implement ing a relevance ranking scheme in

eXist, it would be possible to investigate whether or not it would be more e�cient | as well

as more e�ective | solution than the current hybrid approach . In particular, extending the

current eXist indexing scheme, in order to implement the theoretical similarity framework

introduced in Appendix A, would provide an experimental research environment where the

e�ectiveness of various XML information retrieval approaches could be consistently evaluated

and compared.

7.2 New relevance de�nition for XML retrieval

In Chapter 4 we revisited the de�nition of relevance in the context of XML retrieval by

performing an extensive analysis of the common assessor anduser understanding of the

two INEX 2004 and 2005 relevance de�nitions. We proposed atopical-hierarchical relevance

de�nition for XML retrieval, and, through mappings between its relevance scale and the

corresponding relevance scales of the two INEX 2004 and 2005relevance de�nitions, we

demonstrated the usefulness of the new relevance de�nitionfor XML retrieval.

While studying the INEX 2004 relevance, we analysed the overall assessor and user be-

haviour, and we reported the level of assessor and user agreement when judging relevant

elements for two topics used in the INEX 2004 Interactive track. In Appendix B we also

analysed the user attitude towards retrieving overlappingrelevant elements for the two top-

ics. We were able to draw the following conclusions in relation to the INEX 2004 relevance

de�nition:

� Users found most of the relevant elements for both topics to reside in theE1S1, E2S2,

and the E3S3relevance points, which showed that the predominant correlations between

the grades of the two INEX 2004 relevance dimensions were between the corresponding

grades of each dimension. Similar �ndings were observed when analysing the overall

assessor behaviour on the 34 INEX 2004 CO topics. This led to the conclusion that users

and assessorsdid not perceive the two INEX 2004 relevance dimensions asorthogonal

dimensions.
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� The highest level of agreement between the assessor and the users in both topic cases

was respectively on highly relevant (E3S3) and on non-relevant (E0S0) elements, which

showed that the end points of the INEX 2004 10-point relevancescale were clearly

perceived. However, the other points of the scalewere not perceived as clearly.

� In both topic cases, our analysis of the level of overlap among the elements judged as

relevant by users revealed that usersdid not like overlapping elementsto appear in the

list of answer elements.

To investigate the common assessor understanding of the INEX 2005 relevance, we studied

the overall assessor behaviour on the 29 CO and 34 VVCAS INEX 2005 topics, and performed

an analysis of the level of assessor agreement on the �ve topics that were double-judged at

INEX 2005. We observed the following outcomes:

� On average, INEX 2005 assessors judged thetoo smallelements to be the most common,

to be the smallest in size, and to contain the highest proportion of relevant information.

The highly exhaustiveelements were judged to be the least common, to be the largestin

size, and to contain the smallest proportion of relevant information, while the partially

exhaustiveelements were judged to lie in between. A closer look at thetoo smallelement

distribution revealed some inconsistencies in connectionto this relevance grade, which

suggested that INEX 2005 assessors had their own interpretations of what too small

means.

� At document level, the assessor agreement on non-zero documents (those documents

considered relevant by both assessors, irrespective of their relevance grades) varied

from 19% to 76%, with mean document-level agreement of 39%. Atelement level, the

assessor agreement on non-zero elements varied from 12% to 49%, with mean element-

level agreement of 24%.

� On average, only 58% of the elements judged to betoo small by the �rst assessor

were also con�rmed to betoo small by the second assessor, while a very high percent-

age (94%) of the elements judged to behighly speci�c by the �rst assessor were also

con�rmed to be highly speci�c by the second assessor. This led to the conclusion that

INEX 2005 assessors clearly agreed on the highlighted relevant content, and it also con-

�rmed our previous conjecture that assessors did not agree on the exact interpretation

of too small.



7.3. HIGHLIGHTING XML RETRIEVAL EVALUATION 217

The above �ndings, obtained from our empirical analysis of the two INEX 2004 and 2005

relevance de�nitions, revealed that a much simpler relevance de�nition would have been a

preferable choice for INEX and the �eld of XML retrieval. We h ave presented one such

relevance de�nition for XML retrieval, which is founded on empirical results obtained from

interactive XML retrieval experiments, and which uses a �ve-graded nominal scale to assess

the relevance of an XML element. We have demonstrated that the newly proposed relevance

scale was successfully used for the purposes of Task C in the Interactive track at INEX 2005,

where users did not �nd it to be very hard to use. By analysing results from the topics judged

by both the assessors at INEX 2005 and the users participating in the INEX 2005 Interactive

track, we were also able to empirically establish a mapping between our new relevance scale

and the continuous Speci�city scale used at INEX 2005.

A future research direction would be to investigate whetherand to what extent the two

relevance dimensions in our topical-hierarchical relevance de�nition are orthogonal. Indeed,

the �rst dimension is based on topical relevance, and uses three relevance grades (highly

relevant, relevant, and not relevant), while the second dimension is based on the intrinsic

hierarchical relationships among the XML elements, and it also uses three relevance grades

(too large, just right, and too small). For the mapping used by our experiments in this thesis,

we haveimplicitly assumed that the three grades from the second relevance dimension can be

straightforwardly deduced from the amount of highlighted text in the relevant element. We

expect that elaborate user studies would be needed to empirically establish this relationship.

Furthermore, it would be interesting to investigate di�ere nt mappings between the four

grades assigned to relevant elements by our new relevance scale and di�erent ranges in the

continuous Speci�city scale. This would allow the new relevance de�nition to easily adapt

to di�erent retrieval tasks or user models. In addition, an i nteresting future prospect would

also be to investigate whether theoverlap problemcould be modelled with our new relevance

de�nition, by using a separate relevance dimension based onnovel relevance.

7.3 Highlighting XML retrieval evaluation

In Chapter 5 we presentedHiXEval , a new evaluation metric for XML retrieval. Through

investigating the retrieval performance of seven simulated runs, we carried out �delity tests

to show what is measured by the new metric. We performed a correlation analysis of the

rank orderings obtained by measures inHiXEval and two XCGmetrics, which showed that the

metrics measure similar retrieval behaviour. Results fromour reliability tests demonstrated
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that HiXEval is as stable as the twoXCGmetrics at predicting relative system behaviour on

previously unobserved topics.

Two retrieval tasks were taken into account in our �delity te sts: a system-orientedtask,

where all the (overlapping) judged relevant elements were considered during evaluation; and

a user-oriented task, where only selected (non-overlapping) judged relevant elements were

considered. For the system-oriented task, we also measured the retrieval performance in

two separate evaluation cases: the case ofoverlap=on , where retrieving overlapping relevant

information was penalised by the metric; and the case ofoverlap=off , where retrieving

overlapping relevant information was allowed. With our �de lity tests, we demonstrated that

HiXEval can be used to measure the usefulness ofpassage retrievalcompared to element

retrieval in identifying relevant information. We found that overall passage retrieval is more

useful than element retrieval. However, we also demonstrated the usefulness of element

retrieval compared to passage retrieval when 10 or fewer non-overlapping relevant answers

need to be identi�ed.

When overlap was penalised byHiXEval , identifying and retrieving all the (overlapping)

relevant elements in the recall-base did not result in the best retrieval value. Indeed, we

demonstrated that in this case better value in retrieving relevant information was achieved

by identifying the (non-overlapping) best entry point elements, or alternatively, by identifying

the (overlapping) exact answer elements. When overlap was allowed by HiXEval , the best

overall retrieval value was indeed achieved by identifyingall the relevant elements in the

recall-base, although signi�cantly better precision was observed for the case where only the

exact answer elements were retrieved.

We also analysed the usefulness ofHiXEval versus twoXCGmetrics when applied to XML

retrieval experiments. First, we examined how the run orderings obtained from the HiXEval

measures compare to the run orderings obtained when using measures from the two XCG

metrics. We then tested the reliability of HiXEval , by investigating whether it was as stable

as the two XCGmetrics at distinguishing between di�erent XML retrieval a pproaches. We

observed strong correlations between the rank orderings obtained by measures inHiXEval

and those obtained by measures in the twoXCGmetrics, and showed thatHiXEval meets all

the requirements needed for an unbiased and reliable XML retrieval evaluation.

In future, the HiXEval evaluation behaviour could further be investigated when the

weighted parameter � | used by the metric to determine how the retrieved overlappi ng

information is considered | takes values in the range 0 < � < 1. Indeed, in our experiments

we only used two values for the� parameter, corresponding to the two extremes of this range.
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We suspect, however, that detailed user studies might be needed to justify the usage of the

fractional � values.

Recently, Kazai and Lalmas [2006b] have performed extensive experiments to investigate

the e�ect that varying relevance assessments [Voorhees, 2000] and topic set sizes [Voorhees

and Buckley, 2002] have on the observed outcome of theXCGevaluation measures. Due to the

relatively small topic set sizes used in INEX since 2002, we did not purse such experiments

involving HiXEval measures in this thesis. However, we plan to investigate theoutcome

of the HiXEval measures by pursuing similar experiments in future, particularly using the

INEX 2006 Wikipedia test collection, which is expected to contain a large set of retrieval

topics.

Another interesting prospect would be to compare the measures in the HiXEval metric

to those used in the inex eval ng metric [G•overt et al., 2006], provided that the latter

metric is de�ned to utilise the information about the highli ghted relevant content in an

element (instead of assuming uniform distribution of relevant content). In such a scenario,

the precision de�nitions used by the two metrics would be almost identical, given that both

metrics use Speci�city to de�ne precision. However, the recall de�nitions would be very

di�erent, since inex eval ng uses Exhaustivity to de�ne recall, whereas HiXEval de�nes

recall as a fraction of relevant information retrieved. One future direction would therefore

be to investigate the impact of the recall component (as de�ned by the two metrics) on the

XML retrieval performance.

Furthermore, it would be interesting to investigate whether and to what extent di�erent

browsing user behaviours could be modelled byHiXEval , similar to those modelled by the

EPRUM metric [Piwowarski, 2006]. However, as with EPRUM, we expect that detailed

investigation into the behavioural parameters might be needed before the metric could be

applied without any controversy.

7.4 Application scenarios of XML retrieval

In Chapter 6 we analysed the behaviour of di�erent XML retrie val approaches in two distinct

scenariosof XML retrieval: the ad-hocretrieval scenario, exploring the activities carried out

as part of the INEX 2005 Ad-hoc track; and the multimedia retrieval scenario, exploring

the activities carried out as part of the INEX 2005 Multimedi a (MM) track. For each XML

retrieval scenario, we presented evaluation results obtained with measures in theHiXEval

evaluation metric.
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In the ad-hoc retrieval scenario, we investigated the retrieval performance of our hybrid

XML retrieval approach that combines three similarity measures, with two ways of identi-

fying the appropriate answer granularity, and two XML-speci�c heuristics to rank the �nal

answers. For the INEX 2005 CO+S sub-task, we observed that | at 50 or fewer elements

retrieved | signi�cantly better performance is achieved wh en our retrieval module identi�es

only contextual answer elements (oCRE), and not when most speci�c answer elements (nCRE)

are additionally identi�ed. The heuristic combination tha t �rst ranks those answers that con-

tain most of the distinct query terms ( TPF) achieved signi�cantly better retrieval value for the

CO+S sub-task than the heuristic combination that ranks more speci�c answers �rst (PTF).

Using structural hints in the CO+S topics did not lead to more precise search; however, we

observed that structural hints improve both early and overall precision only for those retrieval

strategies that do not allow overlapping elements to be retrieved. More speci�cally | at ten

or fewer elements retrieved | the Focussed retrieval strategy bene�ts signi�cantly from the

structural hints, whereas structural hints could be useful for the FetchBrowse element-level

retrieval strategy when overlap is penalised by the metric. For the CAS sub-task we have

made two observations: �rst, regardless of the way the constraints in a CAS topic are in-

terpreted, the TPFranking heuristic produces consistently better performance than the PTF

ranking heuristic; and second, we have veri�ed the previous�nding by Trotman and Lalmas

[2006a] that the structure component in an INEX 2005 CAS topic should only be interpreted

in two di�erent ways: one that allows for strict interpretat ion of the target element, and

another that allows for its vague interpretation.

In the multimedia retrieval scenario, we investigated the retrieval performance of our

approach of combining evidence from a content-oriented XML retrieval system and a content-

based image retrieval (CBIR) system, using a linear combination of evidence. We submitted

six runs for o�cial evaluation in the INEX 2005 MM track, whic h re
ect the six relative

weights for the combining parameter � (in the range between 0 and 1). We also carried

out additional runs to examine the e�ect of varying the parameter � used for the linear

combination of evidence. We were able to make the following conclusions for the multimedia

retrieval scenario:

� A CBIR system needs signi�cant support from a text-based system to e�ectively re-

trieve the desired images in a collection; and

� Retrieving images based only on the surrounding text can be achieved without using a

CBIR system, but better retrieval performance will be observed if some evidence from
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a CBIR system is incorporated.

In Appendix C we presented a comparison of results obtained with measures from our

new metric to those obtained with measures from theTRECevalmetric, which was used as an

o�cial metric in the INEX 2005 MM track. Our fusion XML retrie val system demonstrated

the best overall performance, as measured withP@5, P@10, MAPand R-Prec in TRECeval.

We evaluated the retrieval performance of all the submittedruns using measures in our own

HiXEval metric, where we observed slightly di�erent performance behaviour.

In future, the XML retrieval behaviour could be analysed in a heterogeneous retrieval

scenario, where information residing in heterogeneous XML documentcollections needs to

be retrieved. More speci�cally, while participating in the INEX Heterogeneous track, our

hybrid XML retrieval approach and the HiXEval metric could be used to address the following

research questions:

� With CO requests, what methods are feasible for retrieving elements that represent

preferable answers?

� Should the data be organised (and indexed) as a single heterogeneous collection, or is

it better to treat this collection as a set of homogeneous sub-collections?

� What are appropriate evaluation criteria for heterogeneous XML document collections?

In addition to the above activities, an interesting future r esearch direction would be

the participation in the INEX User-case studies track, where in a joint e�ort the groups

participating in this track would be able to establish who th e real users of XML retrieval

are, what are their actual work tasks, and why might they prefer XML retrieval over other

retrieval technologies.

7.5 Conclusion summary

In this thesis we have addressed many fundamental questionssurrounding XML information

retrieval. In particular, we have focussed on the way information retrieval and database

approaches can be combined for e�ective XML retrieval; the way relevance can be de�ned in

XML retrieval; and the way the e�ectiveness of XML retrieval systems can be evaluated. We

also demonstrated that, due to the increasing adoption of XML on the World Wide Web and

elsewhere, information retrieval from XML document collections has the potential to be used
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in many application scenarios. For future work, we plan to investigate the 
exibility of XML

retrieval and the extent to which it can be adapted to a particular retrieval task or a user

model. This, we believe, would justify its usage in the ever-growing number of interactive

search systems.



Appendix A

A similarity framework for XML

retrieval

In this appendix, we describe a modular similarity framework for XML retrieval that, by

adopting a systematic nomenclature for the ranking term statistics, allows for a consistent

representation of di�erent XML retrieval approaches. The proposed similarity framework is

by no means comprehensive; indeed, it is our goal to demonstrate that it is possible to de�ne

a \uni�ed and controllable" environment that could be used t o theoretically model di�erent

XML retrieval approaches [Amer-Yahia and Lalmas, 2006].

A.1 Motivation

In XML retrieval, the similarity score of a document component to a query is either calculated

or constructed. Many similarity measures for calculating the component scores have been

proposed, and almost all extend one of the three major information retrieval (IR) models:

the vector space model, the probabilistic model, or the language model. To construct the

score of a document component, the XML retrieval approachesoften utilise some means

of propagating the (previously calculated) scores of its descendant components. Regardless

of the approach used, the �nal result is a numeric score assigned to a retrieved document

component, indicating how closely it matches the query.

We propose a similarity framework for XML retrieval that is a ble to model these and

possibly other retrieval approaches. Our work is largely inspired by and represents, in many

ways, an extension of a previous work on 
at document retrieval due to Zobel and Mo�at

[1998]. In their work, Zobel and Mo�at investigated various facets of a similarity measure,

223
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and proposed an eight-way orthogonal decomposition that allows similarity measures to be

speci�ed as points in this eight-space. We show that the same eight-way orthogonal decom-

position is su�cient for representing the XML retrieval mod els that calculate the document

component scores. However, we also show that more dimensions may be needed to represent

models that construct the component scores. We start with a brief overview of the TF/IDF

ranking model used in traditional IR, and discuss how it can be extended for XML retrieval.

A.2 TF/IDF ranking model

Baeza-Yates and Ribeiro-Neto [1999] de�ne the concept \intra-cluster similarity" as the sum

of features that better describe the objects in one setA from the remaining objects in the

collection C, and the concept \inter-cluster dissimilarity" as the sum of features that better

distinguish the objects in the set A from the remaining objects in the collection C.

In most IR models, notably the vector space model,intra-cluster similarity is derived

by measuring the raw frequency of a termt inside a documentd. Such term frequency is

usually referred to as the TF factor and provides a measure ofhow well the term describes the

document contents. Conversely,inter-cluster dissimilarity is derived by measuring the inverse

of the frequency of a termt among all the documents in the collection. This factor is usually

referred to as inverse document frequency, or the IDF factor. It re
ects the fact that terms

appearing in many documents are not very useful for distinguishing relevant documents from

non-relevant ones. There is another important factor, however, which concerns the document

length. The longer the document, the more likely it is to contain a wider variety of terms.

Thus, some documents could be judged more relevant simply because they are longer. To

cater for this e�ect, the similarity measure is usually normalised for the document size. This

factor is referred to as inverse document length, or the IDL factor.

For the purpose of XML retrieval, we adopt the meaning of the TF factor as an indication

of how well a query term describes the contents of adocument componentwithin the collec-

tion. Similarly, for the IDF factor (sometimes referred to as IEF) we measure the inverse of

the frequency of a query term among all thedocument componentsin the XML document

collection. However, as we discuss later, mainly due to the overlap problem the IEF factor

can sometimes be distorted, and appropriate techniques forcombining scores may need to

be used to address this anomaly. To incorporate the IDL factor, we consider the size of

a document component, by normalising the similarity score with the measure of its length

(which usually re
ects the total number of term occurrences in the document component).
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Term statistics for ranked XML retrieval

An XML document comprises one or moredocument components. The document compo-

nents | often referred to as nodes | are separated into di�erent types, such as element,

text, attribute, processing instruction, or comment nodes. The plain document text usually

resides in thetext nodes. A text node can be contained (as often is the case) by one or more

element nodes. Element nodes may have di�erent names assigned to their (start or end)

tags.1 There are many cases when these names add a lightweight semantics to the content

stored in the element node. Aterm is an identi�ed concept within a text node or a query,

commonly taken as a word, a word-pair, or a phrase.

Almost all XML similarity measures are based on fundamentalstatistics derived from the

XML document collection. These statistics represent information about the distribution of

terms within document components and within the collection as a whole. For the purpose

of ranked XML retrieval, we build upon the notation for the te rm statistics used for 
at

document collections, as originally proposed by Zobel and Mo�at [1998]. We use, however,

four di�erent notations for the ranking term statistics, de pending on the context where

these statistics apply; for example, we use a notation forglobal term statistics when the

statistics apply to the context of the query and the collection as a whole, and notations

for document, text-node, and element-nodeterm statistics, when the statistics apply to the

context of documents, text nodes, or to element nodes, respectively.

Global term statistics In the following we provide a notation for the term statistic s that

apply to the context of the query and the collection as a whole.

� q, a query.

� t, a term.

� F , the total number of term occurrences in the collection.

� Fu , the number of unique (distinct) terms in the collection.

� for each term t:

{ Ft , the total number of occurrences of the termt in the collection;

{ f q;t, the frequency of t in query q.

1Text nodes, unlike element nodes, do not have names. To retrieve text nodes, unique identi�ers initially

assigned to number each text node are often used.
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� for the query q:

{ f q = jqj, the query length;

{ f m
q , the largest f q;t of any term in the query q.

Within the global context, we denote the following sets:

� T , the set of distinct terms in the collection; and

� T q, the set of distinct terms in the query.

Document term statistics In the following we provide a notation for the term statistic s

that apply to the context of whole documents.

� d, a document.

� ND , the number of all the documents in the collection.

� For each term t:

{ f d;t , the frequency of t in the document d;

{ ND;t , the number of documents containing the termt.

� For each documentd:

{ f d = jdj, the total number of term occurrences ind;

{ f m
d , the largest f d;t of any term in d.

Within the document context, we denote the following sets:

� D , the set of all the documents in the collection;

� D t , the set of documents containing termt;

� T d, the set of distinct terms in the document d, and Tq;d = Tq \ T d.

Text-node term statistics In the following we provide a notation for the term statistic s

that apply to the context of text nodes.

� p, a text node.2

2The p notation is derived from the XML notation PCDATA, meaning that only text ual information is

stored in the node
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� NP , the total number of all the text nodes in the collection.

� for each term t:

{ f p;t , the frequency of t in the text node p;

{ NP ;t , the number of text nodes containing the term t (irrespective of the number

of term occurrences in each text node).

� for each text nodep:

{ f p = jpj, the total number of term occurrences inp;

{ f m
p , the largest f p;t of any term in p.

Within the text-node context, we denote the following sets:

� P , the set of all the text nodes;

� P t , the set of all the text nodes containing the term t;

� T p, the set of distinct terms in the text node p, and Tq;p = Tq \ T p.

Element-node term statistics In the following we provide a notation for the term statistic s

that apply to the context of element nodes.

� e, an element node.

� NE, the total number of all the element nodes in the collection.

� NEn , the total number of all the element nodes with a quali�ed name n.

� for each term t:

{ f e;t , the frequency of t in the element nodee;

{ NE;t , the number of element nodes containing the termt;

{ NEn ;t , the number of element nodes with a quali�ed namen containing t.

� for each element nodee:

{ f e = jej, the total number of term occurrences ine;

{ f m
e , the largest f e;t of any term in e.
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Within the element-node context, we denote the following sets:

� D e, the set of descendant text nodes for an element nodee;

� E , the set of all element nodes in the collection;

� E t , the set of element nodes containing termt;

� En , the set of element nodes with a quali�ed namen;

� En;t , the set of element nodes with a quali�ed namen containing t;

� T e, the set of distinct terms in the element nodee, and Tq;e = Tq \ T e.

A.3 Similarity framework

Conceptually, our similarity framework comprises three separate parts: a document similarity

part, a text-node similarity part , and an element-node similarity part.

1. Document similarity part . This part is used to calculate query-document similarity

scores on the basis of an estimate of howrelevant the documents are to the information

need expressed by the query. The resulting documents are then ranked by descending

order of their similarity scores. Di�erent IR retrieval mod els are supported in this part.

2. Text-node similarity part . Same as the document similarity part, except that here

similarity scores are calculated between atext nodeand a query.

3. Element-node similarity part. This part is used to either calculate or construct the

similarity score between an element node and a query. Di�erent approaches for calcu-

lating or constructing the element-node scores are supported in this part. For example,

the vector space retrieval model may be used forcalculating the element node scores,

while a function of the distance that separates each (element-node, text-node) pair in

the document tree may be used forconstructing the element node scores. Similarity

scores for text nodes, obtained from the text-node similarity part, are used in the latter

example to construct the element-node scores.

We continue with a detailed description of each of the above three parts.
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Document similarity part

The similarity Sq;d of a document to a query, indicating how closely the documentand the

query match, is usually combined from the following concepts: the document term weightwd;t

(the importance of each term in the document), the query termweight wq;t (the importance

of that term in the query), and Wd and Wq, which respectively represent the length of the

document and the query. Table A.1 shows a range of combining similarity functions Sq;d.

Note the alphabetic labels that have been assigned to each function, which are used for later

reference.

Table A.2 shows the formulations we consider for calculating the term weight wt , also

known as the IDF factor. We use three di�erent notations, depending on the context (docu-

ment, text-node, or element-node) where the term weight applies. For the document context,

the higher the value of the term weight, the more useful that term is in distinguishing the

likely relevant documents for a given query.

Once the term weight is determined, the next crucial step is to decide where it should

be used: in constructing the document term weight (wd;t ), in constructing the query term

weight (wq;t), or in both. The two methods for using the term weight are shown in Table A.3.

The goal of using the term weight in either or both of the abovequantities is to bias the

TF factor, which we refer to as relative term frequency. This quantity re
ects the e�ect of

a term that is frequent in either the document or the query. The formulations of di�erent

relative term frequencies we consider in our similarity framework | denoted as rd;t for the

document context, rp;t for the text node context, re;t for the element node context, andrq;t

for the query context | are shown in Table A.4.

Table A.5 shows formulations of document lengthWd and query length Wq, which are

used to normalise the similarity score between the documentand the query. This is known

as IDL factor, which allows a longer document containing many query term appearances to

be no more relevant than a shorter document containing only afew term appearances. The

length of a document (or a document component) can be quanti�ed in many di�erent ways;

Table A.5 describes some of them. For example, the �rst formulation may be more suited

in the text-node context, since it is reasonable to assume that the text-node lengths are

fairly uniformly distributed in an XML document collection . On the other hand, the pivoted

method may be more suited in both the document and the element-node contexts, given that

documents and elements can have a very diverse length distribution [Kamps et al., 2005].

Tables A.1 to A.5 provide several components that may be combined to produce di�erent
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Formulation

Description Document Text node Element node

Calculated scores

Binary match.

A wt = 1 wt = 1 wt = 1

Logarithmic.

B wt = ln
�

1 + N D
N D ;t

�
N/A N/A

C N/A wt = ln
�

1 + N P
N P ;t

�
N/A

D N/A N/A wt = ln
�

1 + N En
N En ;t

�

Normalised.

E wt = ln N D � N D ;t

N D ;t
N/A N/A

F N/A wt = ln N P � N P ;t

N P ;t
N/A

G N/A N/A wt = ln N En � N En ;t

N En ;t

Okapi.

H wt = ln N D � N D ;t +0 :5
N D ;t +0 :5 N/A N/A

I N/A wt = ln N P � N P ;t +0 :5
N P ;t +0 :5 N/A

J N/A N/A wt = ln N En � N En ;t +0 :5
N En ;t +0 :5

Multinomial.

K wt =

 
P

t i 2T
N D ;t i

!

N D ;t
N/A N/A

L N/A wt =

 
P

t i 2T
N P ;t i

!

N P ;t
N/A

M N/A N/A wt =

 
P

t i 2T
N E ;t i

!

N E ;t

Dirichlet.

N wt = N D
N D ;t

N/A N/A

O N/A wt = N P
N P ;t

N/A

P N/A N/A wt = N E
N E ;t

Table A.2: Term weights wt , representing inverse document, inverse text-node, or inverse

element-node frequencies, respectively.
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Formulation

Description Document Text node Element node Query

Calculated scores

TF-only formulation.

A wd;t = r d;t wp;t = r p;t we;t = r e;t wq;t = r q;t

TF-IDF formulation.

B wd;t = r d;t � wt wp;t = r p;t � wt we;t = r e;t � wt wq;t = r q;t � wt

Table A.3: Document (wd;t ), text-node (wp;t ), element-node (we;t), and query (wq;t) term

weights.

similarities of the document to the query. For example, there are four possible combining

similarity functions (Table A.1), �ve ways of choosing term weights to use in these functions

(Table A.2), two ways of choosing the document and the query term weights (Table A.3),

seven ways of setting relative term frequencies for the document and another �ve for the

relative term frequencies for the query (Table A.4), and so on. Table A.6 summarises these

options and shows a composition of an eight-characterQ-expression, which selects one pos-

sible combination coming out of the above options. For example, to represent the cosine

similarity measure, we use the term statistics de�ned for the document context and the fol-

lowing Q-expression: D[BB-ABB-BAA]. The �rst letter D speci�es that term statistics used

by the di�erent modules in our framework refer to the document context. The hyphens in

the Q-expression separate the selection of the combining similarity function and the term

weight (in the �rst group), from the three factors | the docum ent term weight (wd;t ), the

relative document term frequency (rd;t ), and the document length (Wd) | used to represent

the document (in the middle group), and the same three factors used to represent the query

(in the �nal group).

Text-node similarity part

Similarly to the approach for calculating the document scores, di�erent XML retrieval models

may also be used for calculating the text-node scores. The di�erence is that the term statistics

in this case refer to thetext-node context. It is important to note that text nodes are usually

not retrieved as answers by XML retrieval systems; indeed, it is the element nodes that are re-
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Component Position Number of Sample Sample

Variants Q-expression Calculation

Combining similarity function for document d and query q:

Sq;d 1 4 B Sq;d =

P

t 2T q;d

(wq;t �wd;t )

W q �W d

Weight of term t:

wt 2 6 B wt = ln
�

1 + N D
N D ;t

�

Weight of term t in document d:

wd;t 3 2 A wd;t = r d;t

Relative frequency of term t in document d:

r d;t 4 7 B r d;t = 1 + ln f d;t

Length of document d:

Wd 5 4+4+2 B Wd =
r P

t 2T d

w2
d;t

Weight of term t in query q:

wq;t 6 2 B wq;t = r q;t � wt

Relative frequency of term t in query q:

r q;t 7 8 A r q;t = 1

Length of query q:

Wq 8 6 A Wq = 1

Table A.6: Q-expressionD[BB-ABB-BAA]used in document context, representing the cosine

similarity measure.

trieved and presented as answers to a query (typically by referring to their absolute XPaths).

However, many XML retrieval approaches index and calculatescores for the so-calledleaf

element nodes, and then propagate the calculated scores to their ancestors [Sauvagnat et al.,

2004; Geva, 2006]. To model these and similar approaches, wetake the text nodes to rep-

resent these leaf element nodes. This is at least reasonable, since both types of nodes are

referred to as nodes that containonly textual information, without also containing structural

or other related information. Thus, native or other database-related approaches that allow

for strict Boolean retrieval could easily be modelled by thetext-node similarity part. For

example, the native XML database approach followed by eXist[Meier, 2003] and described

in Section 2.1 can be represented by the following Q-expression: T[AA-AAA-BAA]. Here, the

�rst letter T speci�es that term statistics used by the di�erent modules in our framework

refer to the text-node context.
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Element-node similarity part

Two di�erent modules are considered in this part, dependingon whether element-node scores

are calculated or constructed.

Calculating the element-node scores The element-node scores are calculated much in

the same way as the document scores, except that here the termstatistics refer to the element-

node context. That is, element-node combining functions (Sq;e) should be used in Table A.1;

we;t should be used insteadwd;t in Table A.2; re;t instead rd;t in Table A.4; We instead Wd

in Table A.5; and these substitutions should all be appropriately re
ected in Table A.6. For

example, the Q-expressionE[DM-AFI-BAA] shown in Table A.7 represents the multinomial

language model with Jelinek-Mercer smoothing applied in XML retrieval [Sigurbj•ornsson

et al., 2004]. Here, the �rst letter E speci�es that term statistics used by the di�erent

modules in our framework refer to the element-node context.

The retrieval model represented by the above Q-expression estimates a language model

for each element nodein an XML document collection. Unlike text nodes, which sizes may

be taken to be approximately the same, element nodes can havevarying sizes. In fact, the

element length is considered to be an important parameter inXML retrieval [Kamps et al.,

2004]. Thus, in Table A.1 the combining similarity function used to represent the language

modelling in the element-node context di�ers from that used to represent the language mod-

elling in the text-node context.

However, there is a problem in calculating the element-node scores when other retrieval

models are used, which is mainly due to the fact that element nodes are nested. For example,

a term may belong to a paragraph, which itself belongs to a section, while they both belong

to a document. Such cases are very common, due to the hierarchical relationships among

the XML elements. It is very important to correctly count the term occurrences across an

XML document collection, such that a speci�c term is not counted more than once [Mass and

Mandelbrod, 2004]. A speci�c choice while deciding on the element-node answer granularity

may therefore distort ranking, in particular the IEF factor (the term weight wt ). Accordingly,

the following retrieval strategy is utilised by some XML ret rieval approaches [Mass and

Mandelbrod, 2005; Amati et al., 2005]: �rst, separate indexes are created for elements with

a particular quali�ed name, which allows for the term weight to also be separately calculated

on each index. To cater for the loss of term information in each index, the element-node

scores are \pivoted" with the scores obtained for their containing documents. The element-

node scores from each index are then normalised, merged, andpresented in the �nal list of
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Component Position Number of Sample Sample

Variants Q-expression Calculation

Combining similarity function for element-node e and query q:

Sq;e 1 4 D

Sq;e = Wq � We +
P

t 2T q;e

log (wq;t � we;t + 1)

Weight of term t:

wt 2 6 M wt =

 
P

t i 2T
N E ;t i

!

N E ;t

Weight of term t in element-nodee:

we;t 3 2 A we;t = r e;t

Relative frequency of term t in element nodee:

r e;t 4 7 F r e;t = � � f e;t

(1 � � ) � f e

Length of element nodee:

We 5 4+4+2 I We = � � ln f e

Weight of term t in query q:

wq;t 6 2 B wq;t = r q;t � wt

Relative frequency of term t in query q:

r q;t 7 8 A r q;t = 1

Length of query q:

Wq 8 6 A Wq = 1

Table A.7: Q-expression E[DM-AFI-BAA] used in element-node context, representing the

multinomial language model with Jelinek-Mercer smoothing.

element answers. In our next module we describe how these andsimilar approaches can be

modelled by our similarity framework.

We believe that another possible solution to the element-node IEF problem would be

to use the term-weight statistics that refer to the text-node context while calculating the

element-node scores. For example, to represent the cosine measure for the element-node

context, instead of the Q-expressionE[BD-ABB-BAA], the following Q-expression can be used:

E[BC-ABB-BAA]. Note that the di�erence between the two Q-expressions is only in the second

character (sincewt has been changed to calculate the IEF factor in thetext-node context).

Constructing the element-node scores An element node may contain one or more

text nodes, which together form an ancestor-descendantsrelationship. Thus, a straightfor-

ward approach of constructing the similarity score of an element node would be to sum the
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calculated similarity scores of each descendant text node. However, ithas been argued that

this approach contradicts the purpose of focussed (element) retrieval, since larger and there-

fore less focussed elements will be preferred over smaller and more focussed ones [Fuhr and

Gro�johann, 2001; Geva, 2006]. Accordingly, a function that re
ects some form of a struc-

tural relationship between an element node and its descendant text nodes should be used in

constructing the element-node scores.

In Table A.1, two combining similarity functions ( F and G) are used to construct the

similarity score of an element nodeto a query. For example, we use the combining functionF

to model approaches that propagate the text (leaf) nodes. Here, De represents the set of

all text-node descendants of an element nodee, Sq;p is the (previously calculated) similarity

score of a descendant text nodep, while F (e; p) is a function implementing some form of

a structural relationship between e and p. To model approaches that use di�erent indexes

for element-nodes with di�erent quali�ed names (referred to as result fusion approaches),

the combining function Gcan be used in our similarity framework. In this case,Sq;d is the

document similarity score used to \pivot" the element-node score, while Sq;e0 is the score for

the element node that has been previously calculated by using any of the methods A to D

listed in Table A.1 (or by using other method not listed in the table).

The propagation function F (e; p) can be represented in many di�erent ways; some of

them are described in Table A.8. For example, the methodA represents the na•�ve approach

of adding the calculated similarity scores of all the descendant text nodes, while the methodB

represents a function of the distance that separates each (element-node, text-node) pair in

the document tree [Sauvagnat et al., 2004]. Here,dist (e; p) shows the number of arcs that

are necessary to join the element nodee with the text node p, while � 2 [0; 1] is a parameter

used to determine the importance of the distance between an (element-node, text-node) pair.

Method C can be used to represent the text-node propagation heuristicused by the GPX

retrieval approach [Geva, 2006].

To represent XML retrieval approaches that construct the element-node scores, more

than eight characters are used in their respective Q-expressions. For example, the follow-

ing ten-character Q-expression can be used to formally represent the GPX retrieval app-

roach: C[FC]--T[EA-AHA-AAA]. In this case, there are two global character groups (sepa-

rated with \ -- "), where the �rst letter C of the �rst global group speci�es that the �nal

element-node scores have beenconstructed. The actual characters in the �rst global group

represent the methodF in Table A.1 and the method Cin Table A.8, respectively. The eight

character Q-expression in the second global group speci�eshow the propagated scores were
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Description Formulation

Na•�ve propagation.

A F (e; p) = 1

Distance propagation.

B � 2 [0; 1] is a parameter. F (e; p) = � dist (e;p)

dist (e; p) is the number of arcs frome to p.

GPX propagation.

C jDej is the total number of descendant text nodes. F (e; p) =

8
>>><

>>>:

0:49 if jDej = 1

0:99 if jDej > 1

Table A.8: Text-node propagation functionsF (e; p).

actually calculated. The letter T speci�es that the scores were calculated for the text-node

context, while the other eight characters in this group showthat the GPX modules of our

framework were used for the actual score calculation. More than two global character groups

may be needed to representresult fusion XML retrieval approaches. For example, the fol-

lowing Q-expression can be used to model the approach followed by Mass and Mandelbrod

[2005]: C[G-]--D[BB-ACC-BCC]--E[BD-ACC-BCC]. Here, the �rst group speci�es the combin-

ing method used, the second group speci�es the query-document similarity model, whereas

the third group speci�es the query-element similarity model.

A.4 Modelling scoring approaches

We now demonstrate how di�erent approaches to scoring elements in XML retrieval can be

theoretically represented by usingQ-expressionsfrom the proposed similarity framework.

Table A.9 lists some of the scoring approaches explained in Section 2.1, which have been

categorised according to the model or the techniques used toscore elements in XML retrieval.
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XML retrieval approach Context Q-expression

Vector space model

Pivoted cosine [Singhal et al., 1996] Document D[BB-ABF-BAA]

S-term [Weigel et al., 2005] Element-node E[BD-ADA-BAA]

Fragments [Carmel et al., 2003] Element-node E[BD-ABC-BAC]

Extended [Crouch et al., 2005] Element-node E[BA-ACG-BAA]

Probabilistic model

Okapi BM25 [Sparck Jones et al., 2000] Document D[CH-AEH-BEA]

Structural roles [Wol� et al., 2000] Element-node E[CG-ADA-BAA]

Language model

Dirichlet smoothing [Zhai and La�erty, 2004] Document D[DN-AGJ-BAJ]

Multinomial [Sigurbj•ornsson et al., 2004] Element-node E[DM-AFI-BAA]

Constructing scores

Native XML database [Meier, 2003] Text-node T[AA-AAA-BAA]

GPX [Geva, 2006] Combined C[FC]--T[EA-AHA-AAA]

XFIRM [Sauvagnat et al., 2004] Combined C[FB]--T[BC-ABA-BAA]

Result fusion [Mass and Mandelbrod, 2005] Combined C[G-]--D[BB-ACC-BCC]

--E[BD-ACC-BCC]

Table A.9: List of scoring approaches that can be theoretically modelled by the similarity

framework.



Appendix B

Measuring overlap

In this appendix, we investigate the user attitude towards retrieving overlapping relevant

elements for topics B1 and C2 used in the INEX 2004 Interactive track. The aim of this

analysis is to address the following question: Is retrieving overlapping elementswhat users

really want?

At INEX 2004, a set-based overlapwas used as a measure to determine the level of overlap

between the returned elements [de Vries et al., 2004a]. For aset of retrieved elements, the

set-based overlap measures the percentage of elements that either contain or are contained

by at least one other element in the set. However, Hiemstra and Mihajlovic [2005] argue that

the set-based overlap appears to be somewhat unstable a measure, and that a probabilistic

overlap measure could be a better indicator of the observed level of overlap. To support their

argument for probabilistic overlap, they refer to the following example. Suppose that the set

of retrieved elements contains 1 500 elements, of which 1 499are non-overlapping, and there

is only one element that fully contains each of the 1 499 elements (we refer to this set as

Set 1500). According to the INEX 2004 overlap de�nition, the set-based overlap would be

100%, which does not correctly capture the hierarchical nesting relationships among these

elements.

We propose four di�erent ways of measuring overlap, of whichthree are derived from the

set-based overlap. They are de�ned as follows.

1. Overall overlap (O-overlap ), which is identical to the INEX 2004 set-based overlap;

2. Ascendants overlap (A-overlap ), which for a set of retrieved (or judged) elements

measures the percentage of elements thatcontain at least one other element in the set;

241
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<file file="cg/1998/g1016">

<path path="/article[1]"/>

<path path="/article[1]/bdy[1]"/>

<path path="/article[1]/bm[1]"/>

</file>

(Set A) INEX 2004 CO topic 192

<file file="co/2000/rx023">

<path path="/article[1]"/>

<path path="/article[1]/bdy[1]"/>

<path path="/article[1]/bdy[1]/sec[3]"/>

</file>

(Set B) INEX 2004 CO topic 198

Figure B.1: Two sets of highly relevant elements drawn from relevance assessments for INEX

2004 CO topics 192 and 198 (representing topics B1 and C2, respectively). The two element

sets belong to di�erent XML documents, and each contains three elements judged as highly

relevant by the topic assessor. Set A (left) has two nesting layers containing the three elements

(including the top article layer), while Set B (right) has three.

3. Descendants overlap (D-overlap ), which for a set of retrieved (or judged) elements

measures the percentage of elements that arecontained by at least one other element

in the set; and

4. Probabilistic overlap (P-overlap ), which for a set of retrieved (or judged) elements

measures the probability that two randomly chosen elementsfrom the set overlap with

each other.

Consider the two set examples shown in Figure B.1. The two sets, Set A and Set B, are

drawn from the relevance assessments of two INEX 2004 CO topics (numbers 192 and 198,

representing topics B1 and C2, respectively), and they alsobelong to two di�erent XML

documents. The three elements shown in each set represent highly relevant (E3S3) elements,

which were judged by the assessor of each corresponding topic. The two sets also di�er with

respect to the number of nesting layers where the three highly relevant elements reside:Set

A has two nesting layers (including the top article layer), while Set B has three. In the

following we apply the four overlap indicators, as de�ned above, to measure the level of

overlap in cases when four corresponding element sets are considered: Two cases when each

of the two sets,Set A and Set B, is considered individually; a case when a union of these two

sets is considered; and a case when onlySet 1500 is considered.

Table B.1 shows the overlap values for each of the four cases of element sets, when
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Overlap measure

Set O-overlap A-overlap D-overlap P-overlap

(%) (%) (%) (%)

Set A 100.00 33.33 66.67 66.67

Set B 100.00 66.67 66.67 100.00

Set A [ Set B 100.00 50.00 66.67 33.33

Set 1500 100.00 0.07 99.93 0.13

Table B.1: Overlap values for four element sets, obtained with four overlap measures.

four di�erent overlap measures apply. We observe that theO-overlap measure constantly

produces 100% overlap irrespective of which of the four setsis used, which justi�es our

decision of using more than one overlap indicator. On the other hand, both the A-overlap

and D-overlap measures can be seen as useful, informative complements toO-overlap . The

latter is used to provide information about the percentage of elements that arecontained byat

least one other element in the set, whereas the former is usedto indicate how these contained

elements are distributed among thecontaining ancestor elements (which loosely corresponds

to the number of nesting layers in the hierarchy). Indeed, although both values forD-overlap

are the same forSet A and Set B, the value for A-overlap is lower for Set A than for Set B

(33.33% compared to 66.67%), indicating that the inner element distribution for Set A is less

hierarchical than that for Set B (which is actually the case). This is particularly evident in

the case ofSet 1500, where the observedA-overlap value is 0.07% | a very low value that

con�rms the 
at inner distribution of the 1 499 elements in th e only one containing element.

Table B.1 also shows that, although the P-overlap measure exhibits rather di�erent

behaviour than any of the other three measures, it still appears to correctly capture the

nature of overlap when both setsA and B are considered individually. Indeed, the probability

of randomly choosing two overlapping elements is lower forSet A than for Set B (66.67%

for Set A compared to 100% forSet B). However, we also observe that when the union of

these two sets is considered, theP-overlap value sharply declines to 33.33%, since in this

case there are �ve out of 15 possible combinations that the two chosen overlapping elements

belong to the same document. The latter �nding suggests thatthe P-overlap value tends

to drop to a low value when elements from di�erent documents are combined together.

Nevertheless, theP-overlap measure still seems to be a reliable overlap indicator in cases

where the overlapping elements belong to the same document.For example, the observed
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Overlap measure

Value O-overlap A-overlap D-overlap P-overlap

(%) (%) (%) (%)

Mean 12.66 4.29 8.37 7.49

Minimum 0.00 0.00 0.00 0.00

Maximum 100.00 50.00 80.00 100.00

Median 0.00 0.00 0.00 0.00

StDev 31.71 11.99 21.62 22.83

Table B.2: Statistical analysis of the level of overlap among highly relevant elements found

in relevance judgements for topic B1, as judged by 41 users. Mean average values obtained

with each of the four overlap measures are shown in bold.

P-overlap value in the case ofSet 1500 is 0.13% | a value far lower than the one observed

when using theO-overlap measure.

The above examples clearly show that more than one overlap indicator needs to be used

if one wants to better understand the nature of overlap. We now separately investigate the

impact of overlap on the perception of users while judging relevance of returned elements for

topics B1 and C2.

B.1 Level of overlap for background topic B1

In the following we analyse the level of overlap among the elements judged as highly relevant

(E3S3) for topic B1, when relevance judgements from 50 users are considered. However,

since nine of these 50 users have not judged any element as being highly relevant, our overlap

analysis considers judgements obtained from the remaining41 users.

The total number of highly relevant elements judged by all users for topic B1 is 110

(distributed across 59 XML documents), with a mean average of three elements judged as

highly relevant by a user. The range of the number of highly relevant elements judged by

users for this topic is between one and seven, with a median value of two elements per user.

Table B.2 shows values for the level of overlap among highly relevant elements for topic B1,

obtained from the relevance judgements of 41 users. When theO-overlap measure is used,

we observe a relatively small mean overlap value: 12.66%, which means that among the

110 highly relevant elements in the set, on average around 14elements either contain or are
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Overlap measure

Value O-overlap A-overlap D-overlap P-overlap

(%) (%) (%) (%)

Mean 7.64 2.78 4.86 5.09

Minimum 0.00 0.00 0.00 0.00

Maximum 100.00 50.00 75.00 100.00

Median 0.00 0.00 0.00 0.00

StDev 25.93 9.96 16.71 19.03

Table B.3: Statistical analysis of the level of overlap among highly relevant elements found

in relevance judgements for topic C2, as judged by 36 users. Mean average values obtained

with each of the four overlap measures are shown in bold.

contained by at least one other element. TheD-overlap value further shows that on average

9 of these 14 elements are contained by other ancestor elements. Also, the low average value

for A-overlap (4.29%) indicates that the contained elements are distributed in a few nesting

layers within these ancestors. When the probabilistic (P-overlap ) measure is used, we also

observe a relatively small mean overlap value: 7.49%.

Table B.2 also reveals that, although there are large variations of the observed overlap

level among the 41 users, we still observe a �x median value of0%, irrespective of the overlap

measure used. Moreover, further analysis of the user judgements for topic B1 reveals that

there is a 0% mean overlap among therelevant elements that belong to the other eight points

of the relevance scale (fromE1S1to E3S2), regardless of which overlap measure is used.

B.2 Level of overlap for comparison topic C2

We now analyse the level of overlap among the highly relevant(E3S3) elements for topic

C2, when relevance judgements from 52 users are considered.However, since 16 of these 52

users have not judged any element as being highly relevant, our overlap analysis considers

judgements obtained from the remaining 36 users.

The total number of highly relevant elements judged by all users for topic C2 is 70

(distributed in 49 XML documents), with a mean average of two elements judged as highly

relevant by a user. The range of the number of highly relevantelements judged by a user for

this topic is between one and seven, with a median value of oneelement per user.
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Table B.3 shows values for the level of overlap among highly relevant elements for topic C2,

obtained from the relevance judgements of 36 users. WithO-overlap measure we observe a

small mean overlap value: 7.64%, which means that among the 70 highly relevant elements in

the set, on average around six elements either contain or arecontained by at least one other

element. The D-overlap value further shows that on average three of this six elements are

contained by other ancestor elements, whereas the low valuefor A-overlap (2.78%) indicates

that the contained elements are distributed in a very few nesting layers within these ancestors.

When the probabilistic ( P-overlap ) measure is used we also observe a small mean overlap

value: 5%.

Similarly as for topic B1, the median overlap value is 0% (irrespective of the overlap

measure used), and there is also a 0% mean overlap among therelevant elements that belong

to the other eight points of the relevance scale.

The level of overlap among the judged elements found for topic C2 is slightly lower than

the level of overlap among the judged elements found for topic B1, which indicates that the

topic category may have in
uenced the users' attitude towards overlap. We note, however,

that analysis of more topics that belong to a common categoryis needed to con�rm the

signi�cance of this �nding.

The above �ndings, observed for topics B1 and C2, suggest that users do not seem to like

retrieving elements that contain overlapping (and thus redundant) information.



Appendix C

INEX 2005 MM track experiments

The INEX 2005 Multimedia (MM) track was established with the aim of retrieving rele-

vant XML elements containing various types of multimedia, of which only text and images

were used [van Zwol et al., 2006]. Apart from our (RMIT University) group, four other

groups participated in the INEX 2005 MM track: Queensland University of Technology

(QUTAU), Utrecht University (UTRECHT), University of Twen te (UTWENTE) and Queen

Mary University of London (QMUL). In this appendix, we prese nt a comparative analysis

of performance results for runs o�cially submitted in the IN EX 2005 MM track, which were

obtained with measures inHiXEval and the TREC evaluation metric.

The TREC evaluation metric [Voorhees and Harman, 2005], which we refer to asTRECeval,

was adopted as an o�cial evaluation metric of the INEX 2005 MM track. Binary relevance

judgements were used to evaluate the performance of submitted runs. We report evaluation

results from the following TRECevalmeasures:

� Precision at rank r (P@r), which measures the average precision afterr element answers

have been retrieved;

� Recall-precision (R-prec ), which measures the average precision after the total number

of relevant element answers have been retrieved; and

� Mean Average Precision (MAP), which represents the mean of the average precisions

calculated at natural recall levels for the INEX 2005 MM topics.

The measures used by theHiXEval metric are described in detail in Chapter 5 (Sec-

tion 5.1). We report evaluation results from the following HiXEval measures:
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� Precision at rank r (P@r), which measures the average proportion of relevant informa-

tion to all the information retrieved at the rank r ;

� Recall-precision (R-prec ), which measures the average precision at the rank where the

size of the retrieved information is at least the size of the total relevant information for

the topic; and

� Mean Average Precision (MAP), which represents the mean of the average precisions

calculated at natural recall levels for the INEX 2005 MM topics.

We also use at-test to check whether the observed di�erence in retrieval performance

between a pair of runs is statistically signi�cant across the o�cial INEX 2005 MM topics

(p < 0:05).

C.1 TRECeval analysis

Table C.1 shows the evaluation results obtained with theTRECevalmetric using the standard

measures. For each run submitted by a participating group, the best performance under

each measure is shown in italics. For each evaluation measure, the best run performance

observed among all participants is shown in bold. We observethat three UTRECHT runs,

utrecht-1 , utrecht-3 , and utrecht-4 , performed best for P@1. On the other hand, our

best run outperformed the other runs for P@5, P@10, MAPand R-prec .

C.2 HiXEval analysis

Table C.2 shows the evaluation results obtained with theHiXEval metric using measures

that correspond to those used byTRECeval. We observe that with HiXEval the QUTAU run

qutau-5 performed best for P@1, our best run again outperformed the others forP@5and

R-Prec, while the same UTWENTE run ( utwente-0 ) performed best for P@10and MAP.

The di�erence in the observed behaviour betweenHiXEval and TRECevalcan be explained

by the fact that the two metrics are based on di�erent evaluation methodologies. Indeed,

recall under TRECevalis measured as the fraction of relevantelements retrieved, whereas

HiXEval uses the fraction of relevant information contained by the elementsretrieved (see

Section 5.1 for formal HiXEval de�nition). Arguably, �ner level of evaluation detail is ca p-

tured by HiXEval which is not captured by TRECeval. This, in turn, suggests that, for the

MAPmeasure ofHiXEval , on average the best performing UTWENTE run (utwente-0 ) is
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TRECeval

Run rel ret P@1 P@5 P@10 MAP R-Prec

RMIT

rmit-0 202 0.4737 0.3684 0.3053 0.2759 0.3267

rmit-1 202 0.4737 0.3684 0.3053 0.2771 0.3267

rmit-2 202 0.4737 0.3684 0.3105 0.2779 0.3259

rmit-3 202 0.4737 0.3684 0.3053 0.2764 0.3259

rmit-4 202 0.5263 0.3368 0.2579 0.2664 0.3168

rmit-5 202 0.4737 0.2737 0.2105 0.2244 0.2525

QUTAU

qutau-0 299 0.4211 0.2737 0.1947 0.1995 0.2094

qutau-1 299 0.4737 0.2737 0.2053 0.2064 0.2116

qutau-2 305 0.4737 0.3579 0.2842 0.2711 0.2641

qutau-3 302 0.3684 0.2842 0.1895 0.1844 0.1892

qutau-4 287 0.4211 0.3053 0.2105 0.2037 0.1986

qutau-5 268 0.4737 0.2842 0.2053 0.2066 0.2181

UTRECHT

utrecht-0 88 0.4615 0.3385 0.2615 0.2329 0.2776

utrecht-1 216 0.5294 0.3529 0.2706 0.2392 0.2747

utrecht-2 216 0.3529 0.2941 0.2235 0.1769 0.2073

utrecht-3 220 0.5294 0.3294 0.2824 0.2324 0.2648

utrecht-4 220 0.5294 0.3294 0.2824 0.2324 0.2648

utrecht-5 64 0.1579 0.0632 0.0737 0.0554 0.0697

UTWENTE

utwente-0 284 0.4211 0.3053 0.2789 0.2751 0.2799

utwente-1 280 0.4211 0.2947 0.2579 0.2627 0.2692

utwente-2 235 0.3889 0.3444 0.2667 0.2567 0.2434

utwente-3 218 0.2105 0.2211 0.2263 0.2110 0.2227

utwente-4 241 0.3889 0.3556 0.2833 0.2627 0.2458

utwente-5 208 0.2105 0.2211 0.2263 0.2133 0.2196

QMUL

qmul-0 83 0.0526 0.0211 0.0368 0.0412 0.0423

Table C.1: Evaluation of the overall performance of runs o�cially submitted by INEX 2005

MM track participants, obtained with P@r(values 1, 5, and 10),MAPand R-Prec measures

in TRECeval. The 19 o�cial INEX 2005 MM topics are used for evaluation. The rel ret

values show the total number of relevant elements retrievedby a run.

Italic values | best performance among runs for each participating group and each measure.

Bold values | best overall performance among all runs for each measure.
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HiXEval

Run rel ret P@1 P@5 P@10 MAP R-Prec

RMIT

rmit-0 202 0.3498 0.2668 0.2179 0.1952 0.2485

rmit-1 202 0.3491 0.2669 0.2177 0.1958 0.2485

rmit-2 202 0.3465 0.2664 0.2216 0.1960 0.2479

rmit-3 202 0.3488 0.2563 0.2176 0.1953 0.2479

rmit-4 202 0.4014 0.2358 0.1938 0.1930 0.2429

rmit-5 202 0.3626 0.2150 0.1671 0.1700 0.1935

QUTAU

qutau-0 299 0.3098 0.1970 0.1457 0.1557 0.1445

qutau-1 299 0.3135 0.2046 0.1538 0.1582 0.1473

qutau-2 305 0.3161 0.2602 0.2132 0.1937 0.1871

qutau-3 302 0.2600 0.2037 0.1519 0.1429 0.1360

qutau-4 287 0.2575 0.2475 0.1715 0.1532 0.1535

qutau-5 268 0.4181 0.2210 0.1715 0.1744 0.1751

UTRECHT

utrecht-0 88 0.3278 0.2007 0.1537 0.1229 0.1627

utrecht-1 216 0.3481 0.2497 0.1965 0.1581 0.1974

utrecht-2 216 0.2678 0.2094 0.1487 0.1165 0.1519

utrecht-3 220 0.3481 0.2462 0.1914 0.1477 0.1864

utrecht-4 220 0.3481 0.2462 0.1914 0.1477 0.1864

utrecht-5 64 0.1313 0.0524 0.0593 0.0440 0.0567

UTWENTE

utwente-0 284 0.3559 0.2555 0.2255 0.2208 0.2266

utwente-1 280 0.3559 0.2545 0.2246 0.2129 0.2216

utwente-2 235 0.2894 0.2346 0.1738 0.1689 0.1681

utwente-3 218 0.1773 0.1877 0.1739 0.1400 0.1549

utwente-4 241 0.2894 0.2475 0.1896 0.1739 0.1680

utwente-5 208 0.1773 0.1877 0.1740 0.1423 0.1518

QMUL

qmul-0 83 0.0526 0.0211 0.0354 0.0376 0.0409

Table C.2: Evaluation of the overall performance of runs o�cially submitted by INEX 2005

MM track participants, obtained with P@r(values 1, 5, and 10),MAPand R-Prec measures

in HiXEval . The 19 o�cial INEX 2005 MM topics are used for evaluation. The rel ret

values show the total number of relevant elements retrievedby a run.

Italic values | best performance among runs for each participating group and each measure.

Bold values | best overall performance among all runs for each measure.
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Figure C.1: Evaluation of the overall performance of best performing runs submitted by INEX

2005 MM track participants, using TRECeval.

indeed capable of retrieving larger quantities of relevantinformation than those retrieved by

our best performing (rmit-2 ) run. As shown in Table C.2, this performance behaviour is

also supported by the fact that approximately 40% more relevant elements are retrieved by

the utwente-0 run than those retrieved by our rmit-2 run.

The graph in Figure C.1 shows interpolated average precision values calculated at 11

standard recall levels for the best performing runs submitted by INEX 2005 MM track par-

ticipants, when using the TRECevalmetric. Figure C.2 shows the same graph pattern when

using HiXEval as the evaluation metric. Both graphs show that, with the exception of

QMUL, the observed average performance among the best runs submitted by participants

was similar. With the �ve evaluation measures in both metrics, no signi�cant di�erence in

performance is observed between pairs of the four best runs,while each of these four runs

signi�cantly outperforms the QMUL run.
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Figure C.2: Evaluation of the overall performance of best performing runs submitted by INEX

2005 MM track participants, using HiXEval .

C.3 Comparison of run orderings

In the following, we aim to investigate how the run orderingsobtained with the HiXEval mea-

sures compare to those obtained with theTRECEvalmeasures. We use the rank (Spearman)

correlation coe�cient to measure the extent to which the ran k orderings obtained from a pair

of measures correlate. Values of the Spearman coe�cient range from +1 (perfect positive

correlation), through 0 (no correlation), to -1 (perfect negative correlation).

Table C.3 shows the results of this correlation analysis. Weobserve that the run ordering

obtained with the R-prec measure inTRECEvalis strongly correlated to that obtained with

the R-prec measure inHiXEval (0.93). The orderings obtained with the P@5, MAP, and P@10

measures are less strongly correlated, while the lowest correlation is observed between the

run orderings obtained with the two corresponding P@1measures. The last result is not

surprising, given that precision is di�erently measured by the two metrics. Indeed, with

TRECEvalthe value obtained with P@1for an INEX 2005 MM topic can either be 1 or 0,

depending on whether the highly ranked element is relevant or not; with HiXEval , on the

other hand, values in the range [0; 1] can be obtained with P@1, depending on the amount of

retrieved relevant information from the highly ranked element. As shown in Table C.3, this



C.3. COMPARISON OF RUN ORDERINGS 253

HiXEval measure

TRECeval measure r P@r MAP R-prec

1 0.68 | |

P@r 5 0.86 | |

10 0.80 | |

MAP | | 0.81 |

R-prec | | | 0.93

Table C.3: Comparing run orderings obtained with pairs of evaluation measures from

TRECevaland HiXEval , using 25 submitted runs in INEX 2005 MM track.

e�ect is not as dramatic for the other precision measures as it is for P@1, where especially

the R-prec results show that similar (but not identical) retrieval beh aviour is measured by

both metrics in the multimedia retrieval scenario.
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