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Abstract This study introduces a novel framework for evaluating passage and XML

retrieval. The framework focuses on a user’s effort to localize relevant content in a result

document. Measuring the effort is based on a system guided reading order of documents. The

effort is calculated as the quantity of text the user is expected to browse through. More

specifically, this study seeks evaluation metrics for retrieval methods following a specific fetch

and browse approach, where in the fetch phase documents are ranked in decreasing order

according to their document score, like in document retrieval. In the browse phase, for each

retrieved document, a set of non-overlapping passages representing the relevant text within the

document is retrieved. In other words, the passages of the document are re-organized, so that

the best matching passages are read first in sequential order. We introduce an application

scenario motivating the framework, and propose sample metrics based on the framework.

These metrics give a basis for the comparison of effectiveness between traditional document

retrieval and passage/XML retrieval and illuminate the benefit of passage/XML retrieval.

Keywords Passage retrieval � XML retrieval � Evaluation � Metrics �
Small screen devices

1 Introduction

The traditional information retrieval (IR) considers a document to be an atomic retrievable

unit. Since not all content of a document is relevant according to a query, it is useful to

retrieve smaller parts e.g. with an XML retrieval system or a system retrieving arbitrary

passages. This enables a more specific retrieval strategy and allows a system to focus on
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parts of documents. Thus, content-oriented XML retrieval and passage retrieval are ben-

eficial in reducing a user’s effort in finding the best parts of a document.

From the evaluation perspective, the fundamental difference between content-oriented

XML retrieval and passage retrieval is that in XML retrieval the passages are marked-up as

elements, i.e. text is between the element’s start and end tags, whereas in passage retrieval

the passages are not dependent on element boundaries. In this study the term passage

retrieval is extended to concern content-oriented XML retrieval as well.

The retrieved passages can be grouped in many ways. This study follows a specific fetch

and browse approach (Chiaramella et al. 1996). In the fetch phase documents are ranked in

decreasing order according to their document score, just like in the traditional document

retrieval. In the browse phase, a set of non-overlapping passages representing the relevant

text within a document is retrieved, and the retrieval system interface turns the searcher’s

attention to the relevant parts of the documents. The matching method, including the

selection of appropriate (best matching) passages, defines what the user is expected to

browse. The user interface, in turn, specifies how the user is expected to browse the

content. The co-operative action affects the reading order of the passages, and the effort the

user has to spend in localizing the relevant content in the document. This effort can be

measured by the quantity of text the user is expected to browse through.

The amount of text can be measured e.g. with words, sentences or windows of char-

acters. We have chosen to use characters as the measurable units of the user effort.

Characters are the smallest atomic units of text to read, retrieve and evaluate, and we

assume a character to be read with a constant effort. This is tolerable while by comparison

in document retrieval the effort of reading a whole document is treated as a constant

regardless of the size of the document and other qualities.

Considering characters to be retrievable units, any text document can be modeled as a

character position list, starting basically from the first character (at position 1) and ending

at the last character (at position n) of the document (n is the length of the document). Other

characters are in sequential order in between.

This order can typically be considered as the author’s intended reading order of the

document. In other words, the author ‘expects’ the reader to follow the sequential order of

the document. Thus, the corresponding character position list for the intended reading

order is h1,2,3,…,ni. Figure 1 illustrates this.

However, in reality this order applies only for a person who is a strict sequential reader;

other kinds of readers probably follow some other order of their own, based on numerous

uncontrollable factors beyond the author’s intention (see Hyönä and Nurminen 2006). Yet,

any reading order can also be modeled as a character position list, but the order of the list

items follows rather a temporal pattern of the reader’s behavior and the list may differ

more or less from the intended reading order character position list.

The user behavior is not a totally independent variable. Namely, the usage of a passage

retrieval system in co-operation with a user interface provides means to guide browsing

within a document, and to break the intended reading order and re-organize the expected

browsing order. This kind of system guided reading order is supposed to allow more

focused access to the relevant content in a document. Thus, the aim of this study is to

provide an evaluation framework based on the guided reading order within a document.

In addition to the expected reading order, one might expect that the user is not willing to

browse through all irrelevant material, if a lot of such material is met. Instead, the

user will stop at some point and move onto the next document (or reformulate the query).

This means that not all relevant content of a document, if any, may be encountered in the

event the user has to read a lot of irrelevant material.
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The benefit of the evaluation framework is twofold: First, since the user effort is based

on characters to be read, it is credible and adjustable for various user interfaces and user

scenarios. Second, it gives a basis for effectiveness comparison between traditional doc-

ument retrieval and passage/XML retrieval. The latter illuminates the benefit of passage/

XML retrieval, which has been questioned by Kamps et al. (2008a).

For an IR system’s tasks in browsing a document, we propose two approaches: (1) to

quickly assess the document to be relevant (or not relevant) and (2) to browse through the

relevant content of a document effectively. For the two tasks we introduce two metrics in

Sect. 4, namely cumulated effort for the first and character precision-recall for the other.

To motivate and clarify the evaluation framework, we present a sample user interface

scenario in Sect. 2. However, it is worth noting that the presented framework is inde-

pendent of the sample scenario. Section 3 reviews related studies. In Sect. 4 we introduce

two metrics with sample measures, and test results on Wikipedia data in Sect. 5.

2 Motivating sample scenario

The reading order of a document depends on the co-operative action of the user interface

and the passage matching method. Therefore, as a sample scenario and a basis of evalu-

ations, we introduce an interface, which is a slightly simplified variant of the interface

Fig. 1 Intended reading order of
a document by the author (Greek
and Latin based scripts)
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described by Arvola et al. (2006). This scenario motivates the present study and is the basis

of the experiments, but the evaluation framework is not bound to any of its features (incl.

screen size or other technical details). It is necessary to emphasize that this sample scenario

is only illuminating.

Passage and element retrieval provide focused access to documents. The size of pas-

sages/elements may vary but they are always accessed through a window, size of which

depends on the media and device. This feature is stressed when using a device with limited

screen space, such as a mobile phone. The small screen forces the user’s attention to the

position the screen is showing, and thus the expected user behavior is more predictable.

A small screen is one of the major constraints for a mobile device. Because of that,

several approaches in preventing horizontal scrolling are introduced (Buyukkokten et al.

2000; Jones et al. 1999). Our sample scenario follows the Opera Mini browser

(Opera 2006) outline, where the textual content of a document is rendered in one column.

Nevertheless, conventional browsing through a long text document with such a device

requires a lot of vertical scrolling.

In our interface the effort of finding relevant content is reduced by inserting hyperlinks into

anchors that, in turn, are placed at the matching locations of the document according to the

initial query expression. The user is directed to the supposedly relevant parts of the document.

This user interface not only reduces the user’s effort in reduced vertical scrolling but

also preserves the original document order and the structure of the document. In other

words the document is represented without breaking up the continuity of the initial textual

content presentation of the document. The conventional browsing methods within the

document are also available. Consequently, the user is expected to navigate through the

document in the fashion described in Sects. 2.1 and 2.2.

The anchoring of passages is done simultaneously with rendering documents to the

standard XHTML format for viewing and browsing in a device independent way. In XML

retrieval, our method is especially suited for content-oriented online XML collections, such

as the Wikipedia XML collection used in INEX 2008 (Denoyer and Gallinari 2006). Next,

we give a detailed view of the system.

2.1 Interface overview

In a search process the user inserts keywords with available text input methods in order to

perform a search. In order to retrieve the best matching passages from the best matching

documents, the retrieval follows the fetch and browse approach. In a nutshell, documents

are first sorted according to their retrieval status value, and after that the passages are

clustered by documents. Phase 1 is plain full document retrieval where, according to the

query expression, the system presents a result list with links to the documents in a

matching order. Figure 2 illustrates this phase. Phase 2 is element retrieval and it is done

for a single document selected by the user.

The usage of the interface follows strictly the fetch and browse approach. In Fig. 2 the

query: ‘matching method’ is forwarded into the IR system. This launches the full document

retrieval phase and the system presents a result list, with the current document on top of it.

Preferably, the user selects this document from the result list by clicking a pointing link.

Clicking the link triggers Phase 2 (Fig. 3). In this phase, the system marks up the best

matching parts of the document. Thereafter the system renders the resulting document into

an XHTML document for viewing and browsing. This includes also inserting anchors into

the beginning of the best matching parts. Finally, the browser shows the beginning of the

result document to the user.
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2.2 Creating a matching chain by linking the Best parts with anchors

In the present user interface scenario, there are two arrow icons at the beginning of the

resulting document. The first one, an arrow down, is a link to the first anchor at the

beginning of the first matching element. The arrow left is a link to getting back to the result

list. The arrow down hyperlink is for relevance browsing within the document. By clicking

it, the user ends up to the point the anchor is at. At the end of the matching passage, the

arrows are presented again. Now the arrow down is a link to the next matching (not

overlapping) part of the document.

For instance in Fig. 3, the user selects the current document from the result list. The

system places two arrow hyperlinks to the top left corner of the result document. In Fig. 4

the current user interface focus is on the first hyperlink, which is represented by an arrow

down hyperlink. By clicking the link the user moves down to the place the anchor is at. If the

matching works perfectly the anchor is just before a relevant part in the result document.

Now the user scrolls and reads the whole section, which is estimated to be relevant by the

retrieval system. Because there are no further relevant parts in the document at hand, at the

end of the section there are only two hyperlinks: back to results and back to the beginning of

the document. In case there were other relevant passages further down in the document,

there would be an arrow down hyperlink to the start of the next matching passage and so on.

RESULTS 
1. Expected Reading Effort in 
Focused Retrieval Evaluation 
2. Corpus-based Schema 
Matching 
3. Constructing Virtual Schema 
Matching 
4.CMC: Combining Multiple 
Schema-Matching Strategies 
based on 
5 Ontology Matching: A 
Machine learning Approach 
6 Using of Virtual Machines

“matching method”

Fig. 2 Phase 1 (fetch)—document ranking
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When a user has read the retrieved passages and is still willing to read more within the

document, we have to consider options of how the user proceeds after seeing the last

retrieved passage. The extreme options for further reading are that the remaining relevant

text is read immediately after the last retrieved passage (best case), or after all other non-

relevant text is read (worst case). The best case can be discarded, since it is too easy to

deliver good results with that. Instead, we define a third case in between (natural case),

RESULTS 
1. Expected Reading Effort in 
Focused Retrieval Evaluation 
2. Corpus-based Schema 
Matching

Expected Reading Effort in 
Focused Retrieval Evaluation 
ABSTRACT

This study introduces a novel framework 
for evaluating passage and XML 
retrieval. The framework focuses on a 
user’s effort to localize relevant content 
in a result document. Measuring the effort 
is based on a system guided reading order 
of documents. The effort is calculated as 
the quantity of text the user is expected to 
browse through. More specifically, this 
study seeks evaluation metrics for 

“matching method”

Fig. 3 Phase 2 (browse)—relevant in document retrieval

Expected Reading Effort in 
Focused Retrieval Evaluation 
ABSTRACT

This study introduces a novel framework 
for evaluating passage and XML retrieval. 
The framework focuses on a user’s effort 
to localize relevant content in a result 
document. Measuring the effort is based 
on a system guided reading order of 
documents. The effort is calculated as the 
quantity of text the user is expected to 
browse through More specifically this

2 Motivating Sample Scenario  
The reading order of a document depends 
on the co-operative action of the user 
interface and the passage matching 
method. Therefore, as a sample scenario 
and a basis of evaluations, we introduce 
an interface, which is a slightly simplified 
variant of the interface described by 
Arvola, Junkkari and Kekäläinen (2006). 
This scenario motivates the present study 
and is the basis of the experiments, but 
the framework is not bound to any of its 
features (incl. screen size and other 

The usage of the interface follows 
strictly the fetch and browse approach. 
In Figure 2 the query: ‘matching 
method’ is forwarded into the IR 
system. This launches the full document 
retrieval phase and the system presents 
a result list, with the current document 
on top of it. Preferably, the user selects 
this document from the result list by 
clicking a pointing link. Clicking the 
link triggers Phase 2 (Figure 3). In this 
phase, the system marks up the best 
matching parts of the document. 
Th ft th t d th

Fig. 4 Matching chain
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where the reader clicks the hyperlink back to the beginning of the document and reads the

remaining parts in document order.

The scenario affects the reading order but it does not tell us how long the user is willing

to browse the document. We assume that the browsing continues until the user’s tolerance
to irrelevance (de Vries et al. 2004) has been reached. At that cut-off point the reader is

assumed to be bored with the irrelevant material and moves onto the next document in the

result list.

Consequently, evaluating the results delivered by a retrieval system can be based on this

scenario. In other words, the user is expected to follow the matching chain, i.e. read the

matching passages in document order. Whether the interface is easy to use, or whether

every user is willing to utilize the features in this scenario are important usability issues but

not a concern of the present study. In Sect. 5 we illustrate, with the metrics described in

Sect. 4, how different retrieval systems perform within this sample scenario and how

systems perform without the anchor hyperlink structure (i.e. document retrieval). In other

words, what is the improvement rate, when using passage retrieval and the presented user

interface compared with traditional document retrieval?

3 Related work

The present study combines measuring passage/XML retrieval and the concept of expected

user effort. Accordingly, in Sect. 3.1 we review the current metrics evaluating fetch and

browse style XML/passage retrieval and in Sect. 3.2 we address existing approaches in

measuring the user effort at the retrieval.

3.1 Passage retrieval and relevant-in-context in INEX

The evaluation framework presented in this study is focused on a reading order within a

single document and the approach is close to passage or XML retrieval and the work done

within this context. Therefore the outcome of the present study relates to INEX (Initiative

of the Evaluation of XML, INEX 2009) and the evaluation testbed provided by it. INEX is

a prominent forum for the evaluation of XML retrieval offering a test collection with topics

and corresponding relevance assessments, as well as various evaluation metrics. Currently,

aside evaluating element retrieval, passage retrieval evaluation is also supported in INEX.

That is because the relevance assessments are executed so that the assessors have marked

up the relevant passages regardless of any element boundaries (Piwowarski and Lalmas

2004). Similar relevance assessments are available also in TREC Hard Track’s passage

retrieval (Allan 2004). In terms of the present study, a recall base for a document consists

of a set of character positions.

The evaluation of the fetch and browse approach is an essential issue in content-oriented

XML retrieval. This is mainly because the Relevant-in-Context (RiC) task of the INEX’s

tasks is considered the most credible from the users’ perspective (Trotman et al. 2007;

Tombros et al. 2005). The task corresponds fully to the fetch and browse approach.

Because of the complex nature of the task, the evaluation measures are constantly

evolving. There has also been a concern that full document retrieval would be very

competitive in XML retrieval (Kamps et al. 2008a). According to the fetch and browse

approach, in the official metric of the RiC task, separate scores are calculated for each

individual retrieved document d as a document score (S(d)) in the browse part, and the
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document result list as a list score in the fetch part. Next we introduce the current official

metric for RiC in detail.

3.1.1 List score

The list score is calculated over a ranked list of documents based on document scores.

A generalized precision is calculated as the sum of document scores up to an article-rank

divided by the article-rank. Similarly generalized recall is the number of relevant articles

retrieved up to an article rank, divided by the total number of relevant articles. Formally

generalized precision (gP) at rank r is defined as follows:

gP r½ � ¼
Pr

i¼1 SðdiÞ
r

;

and similarly the generalized recall:

gR r½ � ¼
Pr

i¼1 isrelðdiÞ
Trel

;

where Trel denotes the total number of relevant documents and isrel is a binary function of

the relevance at a given point. With these equations, we are able to calculate the average

generalized precision for the result list:

AgP ¼
PD

r¼1 ðisrelðdrÞ � gP½r�Þ
Trel

;

where D is the ranked list of documents. Mean average generalized precision (MAgP) is

calculated basically as the mean of the values of individual topics. Further details can be

found in (Kekäläinen and Järvelin 2002; Kamps et al. 2007, 2008b, c).

The list score is general in a sense that the calculation of document score (S(d)) is not

predefined, except that the values range is [0,1]. We adopt the list score for our evaluation

metrics and replace later the document score with our own formula. Next, we introduce the

official document measure used in INEX.

3.1.2 Document score in INEX

The official INEX measure for the document score is an F-Score of the retrieved set of

character positions (Kamps et al. 2008b; see also Allan 2004). The F-Score is calculated

for each retrieved document d as follows (Kamps et al. 2008a):

FaðdÞ ¼
ð1þ a2Þ � PðdÞ � RðdÞ

a2 � PðdÞ þ RðdÞ ;

The a value is used to tune the role of the precision in the formula. It determines the

power of which the precision is taken into account in the evaluations. P(d) (the document

precision) is the number of retrieved relevant characters divided by the number of retrieved

characters. R(d) (the document recall), accordingly, is the number of characters assessed to

be relevant that is retrieved divided by the total number of relevant characters as follows:

PðdÞ ¼ relðdÞ \ retðdÞj j
retðdÞj j
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RðdÞ ¼ relðdÞ \ retðdÞj j
relðdÞj j

In other words, the retrieval performance of a system is based solely on the set of

character positions within the retrieved passages, whereas our approach takes the reading

order and the tolerance of irrelevance into account as well.

The aim of using the F-Score of retrieved passages is to measure effectiveness in the

relevant in context task, where ‘‘focused retrieval answers are grouped per document, in their

original document order, providing access through further navigational means’’ (Kamps et al.

2008b). However, since the official F-Score measure treats the retrieved character positions

as a set, the reading order dimension remains unjustified. With the framework of this study we

take the document order (i.e. reading order) into account. Based on the framework we present

novel measures as alternatives to the F-Score of retrieved passages in Sect. 4.

Since the final score of a system is a combination of document and list scores, we denote

the combined measure as list_score\document_score. For example the official INEX

measure, mean average generalized precision list score over F0.25 document scores is

denoted as MAgP\F0.25.

3.2 User effort in evaluation metrics

Most evaluation metrics of IR effectiveness are based on topical relevance (Saracevic

1996) and include explicit or implicit user models. Besides relevance, evaluation metrics

have tried to encompass other aspects of user behavior affecting information retrieval, most

prominently satisfaction and effort. Next we review metrics related to our study.

The implicit user model of the traditional (laboratory) full document retrieval evaluation

assumes that the user reads the documents of the result list one by one starting from the

beginning, and stopping when the last relevant document is passed. This might not be a

realistic assumption of the user behavior, but has been considered adequate for evaluation

purposes for decades. A further elaboration (Robertson 2008) interprets average precision
with an assumption that users stop at a relevant document in the ranked list after their

information need is satisfied. If stopping is uniformly distributed across relevant docu-

ments, average precision may be interpreted according to this simple user model.

Expected search length (ESL, Cooper 1968) takes the expected user effort into account as

the average number of documents the user has to browse in order to retrieve a given number

of relevant documents. ESL has inspired other metrics, like expected search duration
(Dunlop 1997) and tolerance to irrelevance (T2I, de Vries et al. 2004). Instead of search

length, expected search duration measures the time that users need to view documents in the

ranked result list to find the required number of relevant documents. Predicted user effort is

incorporated with the interface and search engine effects into one evaluation model.

A user’s tolerance to irrelevant information is a central notion in T2I. It is aimed at

retrieval environments without predefined retrieval units; in other words, passages of

documents (or other information storage units) are retrieved instead of whole documents.

The user model of T2I assumes that a retrieved passage acts as an entry point to the

document: if the user does not find relevant information in the document before his or her

tolerance to irrelevance is reached, he or she will move to the next item in the result list.

de Vries et al. (2004) combine user effort with the model, and propose measuring it as time

spent on inspecting irrelevant information. Moreover, they mention that in XML IR words

or sentences could be used as well. As actual evaluation measures the authors propose a T2I

variant of average precision of document cut-off values, i.e. average over precisions after
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given T2I points in time, and an ESL variant, i.e. ‘‘the user effort wasted while inspecting

the system’s result list … augmented with the effort needed to find the remaining relevant

items by random search through the collection’’ (de Vries et al. 2004, 470).

Other metrics combining user effort with retrieval evaluation are expected precision-

recall with user modelling (EPRUM, Piwowarski and Dupret 2006; Piwowarski 2006) and

effort precision—generalized recall (EP/GR, Kazai and Lalmas 2006). EPRUM considers

returned result items as entry points to the collection from which points the user can

navigate to relevant items. EP/GR measures the amount of effort as the number of visited

ranks that the user has to spend when browsing a system’s ranked result list, compared to

the effort an ideal ranking would take in order to reach a given level of gain.

Like T2I our framework can be applied not only to XML elements but also to arbitrary

passages. Our framework shares the notion of effort with the earlier measures; however we

interpret effort at character level but in principle share the idea of measuring effort as the

amount of text. Further, the best retrieved passage acts as an entry point to the document

like in T2I and EPRUM. We also utilize tolerance to irrelevance as a stopping rule within a

document. However, our framework exploits the guided reading order of the retrieved

document and scoring of each document is based on this order. Consequently measuring

effectiveness at document level differs from other measures.

In our framework, the reading order is considered within a document, not in a hierar-

chical element structure. The idea behind the browsing model is somewhat different than in

EPRUM (and also Ali et al. 2008), where the browsing is based on hierarchical and linked

items. The proposed framework differs from the earlier work by combining the character

level evaluation to the system guided reading order.

4 Metrics based on expected browsing effort

The character level evaluation can be associated with the traditional document retrieval

evaluation in a sense that the retrievable unit is a character and is treated as if it was a

document. When considering the result as a set of retrieved character positions, docu-

ment’s precision and recall and document’s F-Score correspond to the full match evalu-

ation measures. Our approach, however, resembles partial match evaluation on the

document level. Instead of treating the result as a set of character positions, we treat the

result as a list of character positions. The order of the characters in the list depends on their

browsing order. Clearly, treating the retrievable units as a list instead of a set broadens the

number of alternatives for the retrieval performance measures. In addition, the list

approach brings on the temporal dimension in browsing, and thus enables the exploitation

of the T2I approach.

We present two metrics based on the reading order: character precision-recall (ChPR)

and cumulated effort (CE). For both metrics we assume that some text within the retrieved

relevant document is assessed to be relevant. In other words there exists a recall base, like

the INEX recall base, containing the character positions of relevant characters. These

characters are then compared with the expected order of reading. The metrics follow the

underlying evaluation framework and the reading order is not bound to any specific user or

interface scenario.

In ChPR the relevance score values scale between 0 and 1, and the list score is cal-

culated analogously to generalized precision-recall, whereas in CE the document scoring is

looser and the list score is calculated by cumulated effort, which has evolved from the

cumulated gain metric (Järvelin and Kekäläinen 2002).
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4.1 Character precision-recall

In our framework characters are units to retrieve and they are expected to be read in some

order. This simple reading model along with the character position wise relevance

assessments enables the usage of the standard precision-recall metric for the document

score, and thus all the related measures are available. The list score, in turn, is calculated

by the generalized precision-recall metric as given in Sect. 3 (Kamps et al. 2007).

As a basic measure of this metric, we define the character average precision for a

document, aveChP(d), which is similar to the traditional average precision measure. The

only difference is that documents are replaced here with characters.

aveChPðdÞ ¼
Pjdj

p¼1 PdðpÞ � RLdðpÞð Þ
NRCd

In the formula, p is the character position from the point the reading starts, RL a binary

valued function on the relevance of a given position, NRC the number of relevant char-

acters in document d, and P precision at a given position in d. We set aveChP as the

document score for calculating the list score with the generalized precision-recall metric

(see Sect. 3.1.1). Note that aveChP is calculated for a relevant document only. For non-

relevant documents aveChP, and other measures within the character precision-recall

metric the document score is 0.

The aveChP can be considered a somewhat system-oriented measure, since it does not take

a stand on when the user stops reading the document. However, it rewards systems that

organize the expected reading order in an optimal way. Naturally, instead of using aveChP a

number of cut-off measures can be used, for instance precision can be calculated when a

chunk of 600 characters is read (i.e. ChPR@600). Apart from this kind of basic cut-off point,

a user oriented cut-off point, like T2I, can be utilized. In T2I the reading of a document is

supposed to end when a pre-set tolerance to irrelevance has been reached (or the whole

document is read through). For instance the T2I measure T2Iprec (2000) means that the

reading ends, when the user has seen 2000 non-relevant characters, and then document’s

precision is calculated. In other words the T2I is a cut-off measure, where the cut-off point

varies according to the read irrelevant material. In addition to precision, also recall (T2Irecall)
and their harmonic mean F-Score (T2Ifa) are viable measures to combine with T2I. Note that

this time the F-Score is calculated according to the read characters, not to the retrieved.

A couple of toy examples illustrate aveChP; we calculate some sample values for a

‘mini document’. In the example the reading order is based on the scenario given in Sect. 2

and the natural case reading order for the non-retrieved passages. In Table 1, there is a

character position list for a sample mini document.

For each example the characters assessed as relevant are in bold face and the retrieved

characters are underlined. The two examples are the following:

Example 1: ‘‘relevant content is in bold and retrieved is underlined’’

Example 2: ‘‘relevant content is in bold and retrieved is underlined’’

Example 1: The system has found a relevant document (value as such), but is unable to

identify the relevant content within the document. The expected reading order is h33, …,

55, 1, 2, …, 31, 32i and the recall base is the set {1, 2, …, 27}. Thus aveChP = 0.35. The

F-Score (of the retrieved characters, a = 1) does not give any value to this result, and thus

the document corresponds to a non-relevant document: i.e. F-Score = 0. However, in this

case the passage retrieval system is not helpful, because the relevant content is at the
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beginning of the document and no guidance is needed. Thus, a system retrieving full

documents would deliver the following scores: aveChP = 1, F-Score = 0.66.

Example 2: The passage retrieval system does not identify all relevant content, but the

retrieved and relevant passages are partially overlapping. This example illustrates the early

precision biased nature of the aveChP measure. Here, F-Score is 0.16. The reading order

is: h24, 25, …, 44, 45, 1, 2,…, 23, 46, …, 55i, and aveChP = 0.53.

Comparing our reading order based approach to the F-Score shows the benefit of

combining the amount of read text and reading order in evaluations. For example F-Score,

would give the same score to a long document, with a relevant latter half, as with a relevant

first half, even though it requires more effort to reach the latter half, assuming that the

browsing starts at the beginning of the matching passage, in this case the whole document.

In addition, the F-Score calculation involves a hidden assumption that the user stops

reading the document after the retrieved passages. This holds even if there were still

relevant passages elsewhere in the document to be read. Thus, the browse phase for

reaching more relevant content is incomplete, and the passages of the next document in the

result list are prioritized over the ones in the document the user is currently looking at.

These passages will then never be reached. This seems a rather simple user model.

4.2 Cumulated effort

Instead of the gain the user receives by reading the documents in the result list, cumulated

effort (CE) focuses on the effort the user has to spend while looking for relevant content.

The effort-oriented metric should fulfill the following aims: (1) to model the increase of the

expected effort, when the user is reading the document list further; (2) to ensure that

minimal effort produces no increase to the effort value; (3) to allow different effort scales.

4.2.1 Document score

For calculating CE, an effort score for each ranked document d, ES(d), is needed. The

values of ES(d) should increase with the effort; in other words the lower the score the

better. There are different possibilities for assigning effort scores for documents. Next, we

propose a solution motivated by the evaluation framework.

We assume that the system’s task is to point out that the retrieved document is relevant by

guiding the user to relevant content. As soon as the user’s attention is focused on the relevant

spot, the systems mission is accomplished. The document score represents how much expected

effort it takes to find relevant text within the document. The scoring depends directly on (non-

relevant) characters read before finding the first relevant passage or element. For that we define:

• d0 is the expected reading order of document d
• rd0 is the position of the first relevant character with the reading order d0

Table 1 Character position list of a mini document (line break is nr. 28)

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27

r e l e v a n t c o n t e n t i s i n b o l d

29 30 31 32 33 34 35 36 37 38 39 40 41 42 43 44 45 46 47 48 49 50 51 52 53 54 55

a n d r e t r i e v e d i s u n d e r l i n e d
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• function LE rd0ð Þ gives the localizing effort score based on a chosen window size.

The document effort score ES(d) is the score, that the LE function gives after the

relevant text within the document is yielded. For non-relevant documents we assume a

default effort score NR:

ESðdÞ ¼ LE rd0ð Þ; if d is relevant

NR; otherwise

�

We do not give any default implementation for the LE function. Instead, we introduce

sample quantizations in Sect. 5, motivated by the small screen scenario of Sect. 2.

4.2.2 List score

After having defined effort scores for documents in a ranked result list, we can cumulate the

effort over the list up to a given cut-off point. Cumulated effort (vector CE) is defined as follows:

CE i½ � ¼
Xi

j¼1

ESðdjÞ
min ES

� 1

where i is a position in the result list and minES denotes the absolute minimum value the

function ES delivers. This is obtained when the relevant material is found immediately.

The formula ensures that when the effort is minimal the effort value does not increase

(cumulate). For instance, let us consider a result list of documents hd1, d2, d3, d4, d5i with a

vector of corresponding scores hES(d1), ES(d2), ES(d3), ES(d4), ES(d5)i = h1, 2, 5, 1, 5i.
Moreover, let us assume that the range set of LE rd0ð Þ is {1, 2, 3, 4} and NR = 5, then

minES = 1. Now CE = h0, 1, 5, 5, 9i.
Normalized cumulated effort (vector NCE) is needed for averaging over multiple topics.

It is defined as follows:

NCE i½ � ¼
Xi

j¼1

ESðdjÞ
IE j½ � � 1

where IE is the vector representing the ideal performance for the topic. As an example we

take the values from the previous example and in addition we state that total number of

relevant documents is three, i.e. Trel = 3, thus IE = h1, 1, 1, 5, 5, …i and NCE = h0, 1, 5,

4.2, 4.2, …i. A normalized optimal run produces a curve having zero values only.

Often it is necessary to have one effectiveness value for the whole result list or a run. An

average at a given cut-off point for normalized cumulated effort is calculated as follows:

ANCE i½ � ¼
Pi

j¼1 NCE j½ �
i

where i is the cut-off point. Analogously to mean average precision, mean average nor-

malized cumulated effort (MANCE[i]) may be calculated over a set of topics. It is worth

noting, that the curves presenting cumulated effort represent the better effectiveness the

closer they are to x-axis.

5 Experiments

Next, we illustrate the use of the CE and ChP metrics in testing runs from the RiC task of

the INEX 2008 ad hoc track. The RiC task contains 70 topics with character-wise
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relevance assessments, and the test collection covers around 660,000 XML marked articles

in the English Wikipedia collection (Denoyer and Gallinari 2006). The official results were

measured with F-Score having alpha value 0.25 (INEX 2009; Kamps et al. 2008c).

Aside from presenting sample results of our metrics and comparing these with the

F0.25-Score metric we aim to study the benefit of using passage retrieval for more effective

browsing within the retrieved documents. This is done by comparing the focused fetch and

browse strategy with plain full document retrieval. In the document retrieval baseline, the

reading starts from the beginning of the document and continues until a relevant passage is

met in the CE metric, and all relevant passages are read consecutively in ChPR metric.

This baseline is compared with the corresponding element run.

In Sect. 5.3, based on ‘‘Appendix 2’’, we give a comparative summary of 38 official

INEX 2008 runs. First, as a special focus, we report the results of three best performing

participants of the RiC task, namely GPX1CORICe from the University of Queensland (in

Kamps et al. 2008c) and RICBest from the University of Waterloo (Itakura and Clarke

2009). For comparison, we selected the best performing full-document run of the task:

manualQEIndri from the University of Lyon (Ibekwe-SanJuan and SanJuan 2009). Further,

we constructed additional runs by transforming GPX1CORICe and RICBest so that the

browse phase was discarded, i.e. full documents were returned instead of sets of passages.

These runs are labelled as GPX1CORICe_doc and RICBest_doc.

5.1 Results with character precision-recall

For the Character Precision Recall metric we report results obtained with the following

measures: aveChP and two T2I based measures, namely T2If1(300) and T2If1(2000), where

the tolerance of irrelevance is 300 and 2000 characters respectively. In case of the T2I

measures the document score is calculated with F-Score (note that this is different from

F-Score of retrieved passages). The a value is 1. In all measures we assume the natural

reading order after retrieved passages, i.e. the reading continues from the beginning of the

retrieved document after reading the retrieved passages. The gPr (list score) curves for the

runs GPX1CORICe, RICBest, GPX1CORICe_doc, RICBest_doc and manualQEIndri are

shown in Figs. 6, 7 and 8. For comparison, these runs measured with F0.25-Score of

retrieved passages (i.e. the official INEX metric) are shown in Fig. 5. The related MAgP
values can be found in ‘‘Appendix 2’’.

In Figs. 5, 6, 7 and 8 the superiority of manualQEIndri at early ranks is obvious. It

outperforms the element runs, but the comparisons of manualQEIndri with the full doc-

ument runs (GPX1CORICe_doc and RICBest_doc) show that its better performance is

more due to the good document ranking than to full document retrieval competitiveness in

focused retrieval (see Kamps et al. 2008a). Adopting focused retrieval clearly gives a boost

for RicBest and GPXCORICe in comparison to their full document baselines. This comes

especially evident when assuming a lower tolerance to irrelevance, where with the

T2If1(300) measure, the element runs (MAgP\T2If1(300) 0.187, 0.163, resp.) beat the

manualQEIndri (0.151) in addition to their document baselines (0.136, 0.133, resp.). Note

that the figures show cut-off results. The differences between document and corresponding

element runs by all MAgP\ChP measures are statistically significant (p \ 0.001, t-test).

5.2 Results with cumulated effort

Measuring the effort on finding relevant content is done with the localizing effort metric

for the document score and cumulated effort for the list score. As a basis for calculating the
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localizing effort we bind the scoring to the screen size. As scoring for an individual

document, we set:

LEðiÞ ¼

1; if i� sSize

2; if sSize\i� sSize� 2

3; if sSize� 2\i� sSize� 3

4; otherwise

8
>>><

>>>:

NR ¼5

where sSize denotes the screen size in characters. For the screen size, we experiment with

two distinct values: 300 for a mobile screen and 2000 for a laptop screen. The results are

labelled as screen 300 shown in Fig. 9 and screen 2000 shown in Fig. 10, respectively. The

MANCE\LE score of each run is in ‘‘Appendix 2’’. The differences between RicBest and

RicBest_doc, as well as GPXCORICe and GPXCORICe_doc are statistically significant

(p \ 0.001, t-test) measured with MANCE\LE.

The results verify that in comparison to full document retrieval, using a more focused

strategy brings somewhat down the effort in localizing the relevant content. Not surpris-

ingly this feature is stressed when using a smaller screen.

5.3 Comparative analysis of the metrics

In addition to comparing top runs, we calculated results for 38 INEX 2008 submissions. In

Table 2 Kendall s correlations of different measures are given. The correlations are based

on the results of ‘‘Appendix 2’’. The F0.25-Score and ChP results are calculated with MAgP
and others with the MANCE\LE measure at list cut-off 600. For simplicity the correlations

between MANCE and MAgP are reported as their opposite values, because the score
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Fig. 7 Generalized precision at cut-off points (gPr[i]/T2If1(300)). The document score is measured with the
T2I F-Score 300 with the natural case reading order
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interpretations are inverse. In the tables the doc ending refers to the document retrieval

baseline. For example F0.25-Score doc means that the runs are handled as if they were full

document runs instead of element/passage runs. The correlation between a measure and its

counterpart to full document evaluation is in bold.
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Fig. 8 Generalized precision at cut-off points (gPr[i]/T2If1(2000)). The document score is measured with
the T2I F-Score 2000 with the natural case reading order
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Fig. 9 Normalized cumulated effort with small screen interpretation (screen 300). NB. The lower the curve
the less effort spent
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When comparing element/passage runs with their full document baseline, 19 out of 25

runs gain some improvement measured with the AgP\F0.25. With Cumulated Effort (for

both screen sizes) all runs benefit from the more focused fetch and browse strategy. With

AgP\aveChP and the reported AgP\T2I measures the numbers of benefiting runs are 21 and

15, respectively. The competitiveness of a full document run varies from measure to

measure. For instance, the best performing such run, manualQEIndri, is third measured

with MAgP\F0.25, ninth with the screen size 300 (MANCE\LE) and second with the screen

size 2000 (MANCE\LE). With the ChP metric the MAgP\aveChP measure delivers third

place for the run and with MAgP\T2If1(300) the ranking is as low as tenth. However, while

T2If1(300) is a rather early cut-off measure (at document level) it might be less reliable, as

are the early cut-off measures in general in traditional document retrieval.

6 Discussion

The fetch and browse approach highlights the best matching passages in their context. The

aim of this kind of passage retrieval is to make document browsing more effective. In other

words the reading order of the retrieved document changes so that the new order is more

convenient for the user in comparison to full document retrieval and sequential reading.

Thus, successful passage retrieval reduces user effort in finding the best matching parts of

the document. In the presented framework the effort is measured with the amount of text

the user is supposed to read.

Quite recently the character level of text has been taken into account in the evaluations

in the INEX initiative. However, the related F-Score metric is system-oriented, and the

performance figures are calculated based on the sets of character positions. The set-ori-

ented mindset does not take the reading order into account, which was one of the initial

motivations of the fetch and browse style retrieval.
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Fig. 10 Normalized cumulated effort with large screen interpretation (screen 2000) NB. The lower the
curve the less effort spent
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We introduced two metrics based on our framework: Character precision-recall (ChPR)

is based on traditional precision-recall metric. It takes all read text into account also after

the first relevant spot and even after the last retrieved passage, if necessary. Within the

metric two measures are introduced. Average character precision (AveChP) is considered

more system-oriented and rewards systems, which are able to present the whole relevant

content early to the user. T2I based measures takes the user’s tolerance to irrelevance into

account. These measures are based on the total amount of non-relevant characters the user

is willing to read per document. Unsurprisingly, the more tolerance to irrelevance the user

has the less benefit XML/passage retrieval systems bring.

The cumulated effort metric (CE) is a general purpose list measure in a sense that the

document scores can be calculated in different ways. In this study the document level

measure is localizing effort (LE), which measures the effort the user has to take in order to

localize the relevant content. In other words, it measures the effectiveness to assess the

document to be relevant.

The fetch and browse retrieval is considered a special case of full document retrieval

having a flavour of focused retrieval. Thus, good article ranking tends to deliver good

results regardless of the metrics. However, the results with the novel metrics showed that

the user effort is overall reduced when using passage or XML retrieval. This is illustrated

with the pairwise comparisons of element/passage and the corresponding full document

run. Thus, the present study gives a partial answer to the concern aroused within the INEX

community that the full document retrieval is a competitive approach in fetch and browse

style XML retrieval (Kamps et al. 2008a).

Since the experiments were carried out using the existing runs of INEX, any overfitting

strategies for the metrics did not show up. As a remote example of returning only the query

words within a document might lead to high early precisions at character level. Obviously,

the CE metrics would deliver good results with that strategy. Clearly, reading a single word

is not enough for a user to assess text passages relevance or even to understand it, but he or

she has to read the surroundings as well. Therefore, one credible solution preventing this

kind of overfitting to the metric would be to set a minimum effort score (penalty) for

reading a retrieved passage in addition to the constant effort score reading a character.

Even though we focused on the evaluation of fetch and browse style retrieval, in future

studies we will aim to extend this approach to concern other styles of XML and passage

retrieval. For instance, instead of starting from the beginning, the browsing of a document may

start from the best entry point provided by the IR system (Finesilver and Reid 2003; Reid et al.

2006). This applies to the Best in Context task of INEX. Further, elements can be retrieved as

such, i.e. without context. Thus, a result list having elements or arbitrary passages only, like the

focused or thorough tasks of INEX, can also be measured within the presented framework.

7 Conclusions

The study gives a framework for the evaluation of element/passage retrieval systems.

Unlike the contemporary approaches, the framework is based on reading order, which

depends on the co-operative action of a retrieval system and a guiding user interface. The

study was motivated by a small screen scenario, where the text is presented as a single

column and the default reading of a document is sequential representing the full document

retrieval baseline. As the focused retrieval alternative we used a so called fetch and browse

approach where effective access to the best matching passages was provided by hyperlinks,

still maintaining the document order. Within the scenario we introduced two metrics:

Inf Retrieval (2010) 13:460–484 479

123



character precision-recall and cumulated effort. In character precision-recall we made an

assumption of the user’s tolerance to irrelevance, i.e. the point in which the user moves onto

the next document. The document score for cumulated effort is calculated with localizing

effort function LE. In the evaluations we used LE functions based on window size motivated

by a small screen scenario. However, LE can be replaced with other effort measures. We

performed laboratory evaluations within the INEX test bed. The results showed that in

comparison to traditional full document retrieval, with our measures, more focused element/

passage retrieval shows increase in system performance. This gives a better motivation for a

fetch and browse style focused retrieval in comparison to the official F0.25-Score measure.

Acknowledgments The study was supported by Academy of Finland under grants #115480 and #130482.

Appendix 1

See Table 3.

Table 3 List of symbols used in the study

Symbols related to document scoring

Fa(d) fa F-Score

S(d) General document score (of document d)

P(d) Document precision

R(d) Document recall

rel(d) The set of relevant character positions

ret(d) The set of retrieved character positions

Contribution of this study

ChPR Character precision-recall metric

ChP@600 Character precision at cut-off 600

aveChP Average character precision

P(p) Character precision at position p

RL(p) Binary relevance value function of character position p

NRC Number of relevant characters

LE Localizing effort

NR Default value for a non-relevant document

ES(d) Effort score (of document d)

minES Absolute minimum of ES function

T2Isco(300) Score (sco) when 300 non-relevant characters are read. (i.e. Tolerance to irrelevance)

Symbols related to list scoring

gP Generalized precision

gR Generalized recall

AgP Average generalized precision

Trel Number of relevant documents

Contribution of this study

CE Cumulated effort metrics

NCE Normalized cumulated effort

ANCE Average normalized cumulated effort

MANCE Mean average normalized cumulated effort
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