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Suspension of Disbelief in
Interactive Information Retrieval Evaluation

Diane Kelly
School of Information and Library Science
University of North Carolina at Chapel Hill
Chapel Hill, NC USA
dianek@email.unc.edu

ABSTRACT

In literature and art, suspension of disbelief is the willing-
ness of the audience to accept a premise as true even if it
is not possible in the real world. Audience members must
set-aside their beliefs about the world and accept one or
more premises which form the foundation for the new world.
Research also requires a suspension of disbelief, especially
research conducted in the laboratory. In IIR evaluation,
researchers suspend much disbelief. For example, most re-
searchers understand (and believe) that measures developed
in the context of system-centered evaluation (e.g., mean av-
erage precision) are inappropriate for evaluations involving
users, but they still use them anyway. The design and devel-
opment of IIR systems have been pursued diligently over the
years, but less effort and care have been spent on developing
IIR evaluation methods and measures. Instead, researchers
often use methods and measures that are convenient, even
when they are inappropriate and require extraordinary sus-
pension of disbelief.
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In this talk, I will first describe the IIR study landscape
and standard IIR evaluation practices by presenting results
of a systematic review of IIR evaluation studies that have
been published in 31 sources over the last 40 years (1966-
2006). The following questions will be addressed: How many
ITR evaluation studies have been published during this pe-
riod? How has this number changed over time? Where are
ITR evaluations most likely to be published? What have
been the most common subjects, tasks, collections and mea-
sures used in IIR evaluations?

In the second part of the talk, I will discuss problems and
limitations of some of the standard ways of doing things and
argue that more effort needs to be spent developing, eval-
uating and using research methods and measures that are
tailored to IIR study situations, including IIR system eval-
uations and studies of IIR user behavior. A certain amount
of suspension of disbelief is almost always required for re-
search, but new research efforts can reduce the extent to
which this is necessary in IIR.



Towards a Methodology for
Contextual Information Retrieval

Emanuele Di Buccio
Department of Information Engineering
University of Padua, Italy
dibuccio@dei.unipd.it

ABSTRACT

The crucial role of the user in the information seeking activ-
ities makes his behavior a useful evidence to seek and rank
relevant objects. Considering the data about the user inter-
action in the ranking process can be interpreted as taking
into account the user as an entity of the context where the
information seeking activities are performed, and the behav-
ior as an observable to represent the user. But the user is
only one of the entities chosen to represent the context: the
topic, the task are other involved entities. The complexity
of modeling uniformly and simultaneously several entities
through their observables can be faced by the adoption of a
geometric framework. Starting from such geometric frame-
work of the context, a methodology which aims at exploiting
the contribution of different contextual entities is introduced
in this paper.

1. INTRODUCTION

One challenge in Information Retrieval (IR) is to predict
the objects relevant to the user’s information needs. When
the user is seeking information, the use of the evidence about
his interests or behavior helps the system to predict the rel-
evant information objects. However, there are many rela-
tionships between different observables, such as the user be-
haviour, the search task or the document content [1, 2] and
discoverying them is crucial for improving the retrieval ef-
fectiveness. For this reason, there is an increasing interest in
these relationships, which can be viewed as the elements of
the context affecting the relevance judgement. As a conse-
quence, the IR system has to be designed to combine differ-
ent observables of the context. In other words, the IR sys-
tem has to be designed to be context-aware. Such a system
should work as follows: When the user is seeking informa-
tion, a set of features are collected for each entity involved;
such features are the available evidence for the considered
entity. Consider, for instance, the user as an entity. The
features monitored during the user interaction are the evi-
dence of the user behavior — examples are the display time
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and the amount of bookmarking or scrolling.

The difficulty of the design of a context-aware IR system
increases in the event that several entities of the context
are considered: besides the user, the topic, the task or the
location are entities. The design and the implementation of
distinct ranking algorithms, one for each type of feature can
be an approach to use the features observed from several
entities. Such an incremental approach to the combination
of the features observed from different entities may fail to
deal with the challenge posed by the context because the
relationships between the entities are not explicitly modeled.
Therefore, one issue is how to infer the relationships between
the entities, e.g. between the task and the user, from the
collected features.

The main goal of the methodology presented in this paper
is to address the combination of the features observed from
the different entities and then the representation of the rela-
tionships between them. The methodology will then be the
basis upon which algorithms for ranking information object
can be designed and evaluated by taking into account the
context in a uniform way. In order to achieve this goal, the
methodology has been structured in two steps. The first
step is computing a representation of the context from the
collected sets of features. To this end, a geometric frame-
work proposed in [3, 4] and based on the vector space basis
is used. However, in this paper, the problem of mapping the
collected features to a vector space basis is addressed. The
second step concerns how to rank information objects in the
computed context.

2. MODELING CONTEXT

2.1 A Recycling Scenario

Let suppose Alice is looking for information about possible
benefit of recycling cans because she wants to write a report
for a university class. In order to perform this task, she
submits the query recycling can and why to a search engine
which returns a ranked list of results. Suppose she examines
the results represented with title and snippet from the top of
the result list, and she clicks on some of them, for instance
the second and the fourth. Perhaps, she decides to inspect
such results because they are promising. Alice’s decision can
help her to disambiguate the query. For instance, if the term
“environmental” appears in the title or the snippet of the
second documents, this information can help her to realize
she is interested in one particular kind of benefit, that is, the
one concerning the environment. During the examination of
the pages, Alice performs several activities by interacting



with the browser. For instance, she can bookmark the page,
print it and spend a certain amount of time on that page by
performing scrolling activities and reading part or all of that.
These features are evidence in support of the hypothesis that
“environmental” is the meaning wanted by Alice. Suppose all
the features about the mentioned behavior and the content
of the displayed pages can be collected: how can we exploit
the collected data to help Alice in the attainment of her
information goal?

2.2 A Geometric Framework to Model Con-
text

As stated above, many types of entity, e.g. the user, the
task or the location are involved when seeking information.
In the geometric framework adopted in this paper, each en-
tity is characterized by a set of observables. In the scenario
described in Section 2.1, whereas the user is an entity of
interest, Alice’s behavior is an observable of this entity —
other observables of this entity may be, for example, her
past queries or her cultural background.

Each observable can assume different values; for example,
“ad-hoc task” or “home-page finding” are the values of the
observable “type” of the entity “task”. In this framework,
however, the values are not scalars, but are vectors. This
is necessary in order to employ the model illustrated in [4]
upon which this paper is based. In particular, the set of
values of an observable is a basis of the vector space in which
the data are observed and the objects are represented.’

The rank, the display time and the occurrence of the term
“environmental” are features; each of such features is associ-
ated to a (feature) vector and is depicted as a dashed line
in Figure 1; for example, the rank is represented by (1,0, 0),
the display time is represented by (0, 1, 0) and the occurrence
by (0,0,1). When, for example, rank is 3, then (1,0,0) is
multiplied by 3 and (3,0, 0) is obtained.

\benefit s ‘x

Figure 1: Example of different contexts.

In the previous scenario, for example, the vector
behavioura = (3,30,0) is a value observed for Alice’s be-
havior, the latter being an observable, where 3 is the rank
and 30 is time spent on the clicked page. behavioura can be
represented by linearly combining the feature vectors with
appropriate weights, for example, (3,30,0) = 3(1,0,0) +
30(0,1,0) + 0(0,0,1). Moreover, the vector benefity =
(3,0,1) is a value of the meaning of “benefit”, where 3 is

LA basis is a set of linearly independent vectors.

the rank and 1 means the occurrence of the term “environ-
mental” in the snippet or the title of the document. Finally,
benefitp is the meaning of “benefit” when the term “environ-
mental” does not occur and the rank is 3, thus a different vec-
tor is obtained, i.e. (3,0,0) = 3(1,0,0)-+0(0, 1,0)40(0, 0, 1).
Note that the display time is not involved in the latter ob-
servable.

The main problem is how to define all these vectors, that
is the way for computing a basis which represents an ob-
servable observed from an entity. Indeed, once these vectors
have been computed, an entity in a specific context can be
described as a linear combination of the values of its ob-
servables. For instance, the information object x in Fig. 1
considered in the context where the user is Alice (i.e. usera)
and the environmental interpretation of benefit is considered
(i.e. benefit4), is obtained as a linear combination of the val-
ues user4 and benefit 4 of the observables user and meaning
of “benefit”, thus obtaining the vector x 4.

One option is to define these vectors “manually” as did
for the feature vectors. However, the manual definition is
cumbersome, somehow arbitrary and prone to error. In the
next section, a methodology for “automatically” defining the
vectors which represent the values of the observables is il-
lustrated.

3. METHODOLOGY

The previous section has been mainly focused on the ge-
ometric framework and on how this framework can be em-
ployed for representing the information objects and the con-
text in which these objects are immersed. Although the
previous work [4] gave a detailed account on the framework,
it did not discuss an essential requirement, that is, the way
for computing a basis which represents an observable (e.g.
search type) and its values (e.g. ad-hoc resource finding)
observed from an entity (e.g. task).

In contrast, this paper discusses how to compute the vec-
tor space basis. The basic idea reported in this paper is to
build the basis which represents an observable by first of all
considering the evidence collected through questionnaires or
log files [5] when observing the information objects and the
information seeking activities involving the entities of the
context. Then, the evidence collected when observing the
information objects and the information seeking activities is
organized in well defined mathematical structures which are
then “processed” to extract the bases.

However, an idea is not enough. What is needed is a
methodology which precisely and completely describes how
a well-defined geometric notion, e.g. the vector space basis,
can be computed, perhaps, from a confused set of features
observed during the information seeking activities and col-
lected through noisy channels (e.g. questionnaires, HTTP
log files). A methodology would not only help orderly col-
lect features from the entities, but it also would help the IR
researcher to design and then to evaluate innovative contex-
tual retrieval systems as discussed in Section 4.

The methodology we consider in this paper is mainly
structured in two parts, that is, computing the context of
interest and exploiting the computed context. Here, “con-
text” refers to the vector space basis and is used to stress
the role played by the basis in representing the observables
of an entity of the context — “context” is then, in a sense, a
short form. These two parts will be discussed respectively
in Section 3.1 and Section 3.2.



3.1 Computing the Context

The first part of the methodology consists in two steps,
that is, (¢) the features are collected to represent the context
in which the information-seeking activities are performed by
the user, (ii) the vector space basis which represents the
context is computed by using the geometric framework de-
scribed in Section 2.2.

As for the first step, in the scenario of Section 2.1, a tool
(e.g. a browser extension) collects all the data concerning
Alice’s behaviour when she is examining the documents re-
turned, for instance, by a search engine.? Examples of be-
haviour features are the data collected during the longitu-
dinal user study of online information-seeking behavior de-
scribed in [6]. Other features of interest can be extracted
from the displayed results, that is, the title or the textual
content of the snippet of the visited documents. The data
are organized as a matrix whose rows refer to the objects
observed (e.g. documents, clicks, events) and the columns
refer to the features observed for each object. A set of points
in a vector space (i.e. the rows) is thus obtained where the
dimensionality of the vector space is the number of features.

The second step of the computing part pertains to the
mapping from the features collected at the first step to the
vector space basis. This point is crucial because it makes
the geometric framework useable for IR purposes. While
only the behavioral observable is taken into consideration
in [3], in this paper, also the information about the mean-
ing of the words is available and, as stated above, can be
collected. Thus, two observables have been defined: an ob-
servable refers to the behaviour of the user, the other refers
to the word meaning.

There is no reason not to exploit both the observables.
For instance, the occurrence of the term “environmental” in
the title or in the snippet of one of the displayed results
when Alice is looking for information about “environmental
benefit of recycling cans” can encourage her to select such
result.

To this end, two distinct ranking algorithms, one for each
observable, can be designed. In practice, two matrices are
prepared — one matrix for each observable — and used as
input to the ranking algorithms. The results of these two
algorithms are then heuristically combined. This incremen-
tal approach misses the relationships, if any, between the two
observables, thus failing to deal with the challenge posed by
the context.

An alternative approach would be to “simultaneously”
model the two observables. In practice, one single matrix
is prepared in which the features of both the observables
are recorded. However, modeling simultaneously the two
observables implies some issues pertaining to the mapping
from the features to the vector space basis as exemplified in
Figure 2.

In the lower part of Figure 2 the use of two matrices is
exemplified. The arrow labeled by B and the arrow labeled
by K refer, respectively, to the user behaviour and to the
meaning of the keywords. According to the geometric frame-
work described in Section 2.2, two different vector space ba-
sis, respectively the matrix {b;;} and {kin} are computed
from these two matrices — one basis from each matrix. The
basis computation can be performed by using the methods
proposed in [3] and [4]. Note that a basis for the “entire”

2Such a tool is under development at our laboratory.
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Figure 2: Issues pertaining the feature to vector-
space basis mapping.

context can be obtained starting from the bases of the be-
havioral and the meaning context and combining them as
shown by the gray arrows.

The limit of the use of two distinct matrices is that the two
observables are considered as independent, although they
refer to the same information seeking activity. In order to
clarify this remark let come back to the scenario. Suppose
Alice clicks on the document at rank 2 of the displayed list
and spends 30 seconds on the selected page. However, the
assumption that this behavior is independent from the oc-
currence of the term “environmental” does not necessarily
hold. On the contrary, it may be well that the time spent
by Alice to look at or perhaps investigate the clicked docu-
ment depends on the occurrence of the term “environmental”
in the textual content of the document.

Therefore, an alternative approach is to compute one sin-
gle basis from all the features collected during an informa-
tion seeking activity. As a result, one single matrix is pre-
pared to collect all the features. The rationale underlying
this approach is that the assumption that the features ob-
served from an observable (e.g. the behaviour) of an entity
(e.g. a user) are “entangled” with the features observed from
an observable (e.g. the keywords meaning) of another entity
(e.g. a document). This alternative approach is depicted
in the upper part of Figure 2 where a basis simultaneously
exploits all the features which are considered as representing
the same information seeking activity.

3.2 Ranking in Context

The ranking process is affected by the approach adopted
to compute the basis. Consider the first approach which pro-
duces two distinct matrices and then two vector space basis.
In this case, an information object, e.g. a document, is rep-
resented as a vector of the space spanned by the basis which
has been computed from a matrix. The document is then
represented as another vector of the space spanned by the
other basis which has been computed from the other matrix.
The document is thus ranked against the two contexts sepa-
rately since each document vector refers to a distinct space.



As an example, the vector z4 depicted in Figure 1 repre-
sents the information object z in the context L(U,4) and the
similarity with an object y in the same context L(Ua) can
be computed. When the meaning is considered, xp repre-
sents the information object = in the context in the context
L(Up) and the similarity with an object y in the same con-
text L(Ug) can be computed. The similarities computed in
this way allow to rank the x’s objects against the y’s. Fi-
nally, the two computed rankings have to be fused in order
to obtain a final list which considers simultaneously both
the ranking information.

The alternative method is to work in the context where
both the observables are considered simultaneously and rank
the information objects in this context. This approach has
the clear advantage that avoids the problems of combining
different rankings produced by the observables of the context
where the information seeking activities are performed. One
advantage of this approach is that, by a suitable selection
of the observables, also the relationships between the parts
can be taken into consideration. This is for instance the ra-
tionale underlying the work reported in [7] where user and
document are modeled as two subsystems interacting each
other. The results reported show how the information pro-
vided by the system which considers both the subsystems
simultaneously as a unique system can not always be de-
rived from the information provided by the two subsystems
considered as distinct.

4. FUTURE PERSPECTIVES

4.1 Methodology Issues

As regards the methodology described in Section 3, there
are several issues. This first issue pertains the computation
of the basis for the context concerning the user behavior.
Indeed, some statistical procedures based on Principal Com-
ponent Analysis (PCA) are unable to automatically discover
the most effective vector space basis in terms of retrieval ef-
fectiveness [3] since they aim at maximizing the variance of
the data, which is not the same as maximizing the effec-
tiveness. A strategy to automatically find a solution to this
issue is currently matter of investigation. Another issue con-
cerns the possible strategy to combine rankings in the event
of considering the two contexts distinctly, thus obtaining a
unique final list. But not necessarily the two problems, that
is mapping and ranking, have to be considered as distinct:
the uniform way of modeling the different variables and the
different observables involved, suggests that the two set of
features can be exploited simultaneously to obtain a repre-
sentation of the entire context. Exploiting both the observ-
ables might help provide the best direction in the data in
terms of retrieval effectiveness, by affecting the “best vari-
ance direction”, also in the case of the behavioral observable.

4.2 Evaluation

Evaluation is another crucial issue since a well established
protocol which allows the variables of the context to be taken
into consideration during the evaluation does not exist. The
human-subject centered experiments take into consideration
several observables, but refer to a specific situation and, as
a consequence, are little generalizable. Generalization is re-
quired for several reasons. A first motivation is that each
system is immersed in an environment; the environment it-
self can be modeled as a system constituted by a set of ele-

ments in interaction. As stated in [§8], a crucial question is to
understand which are the boundaries of the IR system, that
is where it begins and where it ends. Is there a way to model
the context, that is, the environment, so that also when the
boundaries are modified the IR system can be evaluated? In
our terminology, understanding which are the boundaries is
equivalent to select the contextual entities and the observ-
ables for each entity. The problem is that the data used
as a ground to evaluate the IR system changes when the
boundaries are changed. The model described in Section 2,
does not constitute only a ground to “build” ranking func-
tions. The potential of such model is that, once the mapping
between the features collected to model an observable and
a basis is defined, we may produce “synthetic” contexts by
tuning the features, thus obtaining a particular context of
interest where the ranking algorithms can be tested. Finally,
another issue regards the media. As stated in [4], the power
of the geometric framework is also to be general and appli-
cable to different media: the methodology proposed in [3] is
not necessarily restricted to textual documents, but can be
easily modified to non textual domains; the problem is that
is not clear which are the suitable set of features to be used
to represent other medium, e.g. images, thus affecting the
possibility to test the effectiveness of the proposed model in
non-textual domains.
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ABSTRACT

Lack of theoretical foundation in the design and develop-
ment of interactive information retrieval (ITR) systems has
been the major limitation in the field. Application of infor-
mation seeking theories and models has also been limited in
IIR. This paper is concerned with an approach to facilitate
theoretical development in IIR based on cognitive effects,
which can be considered in the evaluation of information
seeking and retrieval (IS&R) research. In particular, I argue
that looking at an “effect” in information seeking might fa-
cilitate our communication on IS&R phenomena and theory
building in IIR.

1. INTRODUCTION

This paper is concerned with theoretical development in in-
teractive information retrieval (IIR). By theoretical, I mean
the use of scientific tools such as framework, theory, law,
principle, model, and hypothesis [11]. By development, I
mean to continuously build research upon existing research
using the scientific tools. We are all aware that theory is the
foundation of science. Shoemaker, et al. [17] state that a
scientific theory is useful for summarising knowledge, devel-
oping practical applications, and guiding research. Never-
theless, we often focus on solving a problem at hand practi-
cally by developing systems, interfaces, or algorithms, rather
than theoretically. Perhaps, the educational systems tend to
an unbalanced weight on teaching practical solutions (e.g.,
how to build a program) and on teaching theoretical solu-
tions (e.g., how to build and use a theory). Besides, theory
building is a difficult job.

The design and development of interactive information re-
trieval systems have also been critisised as an ad-hoc pro-
cess and lacking theoretical underpinning [6]. To address
this issue, this paper explores ways to facilitate theoretical
development in IIR in the context of Information Seeking
and Retrieval (IS&R) research. The goals of IS&R research
include 1) theoretical understanding of IS&R, 2) empirical

To appear in the Workshop on Contextual Information Access, Seeking and
Retrieval Evaluation at ECIR 2009, 6th April 2009, Toulouse, France.
Website: http://www.irit.fr/CIRSE/

explanation of IS&R, and 3) supporting the design and de-
velopment of information systems [20, 16]. However, my
survey of existing studies was originally motivated by the
search for a theoretical framework for the design of search
interfaces, and thus, the discussions in this paper are some-
times limited to this application, although often they have
implications for a wide audience. The range of variables con-
sidered in IIR has expanded significantly due to the recent
advance of IR in Context. Therefore, the role of theory has
become essential for principled advance in this area.

The rest of paper is structured as follows. I first discuss the
gap between information seeking models and information re-
trieval models, and how researchers have bridged it. Then
I discuss cognitive effects often observed in Psychology as
a potential building block of theoretical development. Fi-
nally, I discuss the implications of cognitive effects on the
evaluation of search interfaces and other IIR techniques.

It should be noted that this paper does not provide detailed
discussions on the definitions of all scientific tools for the-
oretical development. Interested readers might refer to an
excellent paper by Jérvelin [11] on conceptual tools in IS&R,
and a book by Shoemaker, et al. [17] on theory building.

2. THE GAP

The designers and developers of interactive systems often
seek theory to justify the design of (part of) a system and
interface. One of the areas they look to is Information Seek-
ing (IS), which studies the use and preference of information
sources and channels, or more generally, information seeking
behaviour. However, there are certain differences between
IS and IIR which make this collaboration difficult. Jarvelin
and Vakkari noted that “by comparing the typical dependent
variables in IR and IS studies it is easy to see that these two
fields are interested in difference phenomena. The former
is focused on the precision and recall of retrieval methods
used by humans in interactive IR. ... The latter is focused
on the preferences and use of channels” [20, p .124]. “If de-
pendent and independent variables and their relationships
do not overlap in the studies, it is understandable if repre-
sentatives of both fields do not consider results and ideas
from the other field useful” [20, p .124].

Another cause of the gap appears to be the characteristics of
theoretical models used in the two fields. In IR, the models
tend to be formal (e.g., Language Model), while they tend
to be more conceptual in IS [24]. Ingwersen and Jérvelin



[10] also distinguish summary models and analytical models
in IS&R. They noted that “summary models seek to sum-
marize the central objects in an IS&R process - not nec-
essarily all concrete - and their gross relationships without
classifying and analyzing either. Analytical models, often
narrower in scope, seek to classify the objects and relation-
ships, and generate testable hypotheses. [10, P. 15]”. An
example of summary models is a nested model of informa-
tion behaviour proposed by Wilson [24], while an example of
analytical models is Bystrom and Jéarvelin’s model on task
complexity [3].

A model’s ability to generate testable hypotheses is strongly
related to predictive power of theory. Rutherford and Ahlgren
[15] emphasised the importance of predictive power as fol-
lows. “The essence of science is validation by observation.
But it is not enough for scientific theories to fit only the
observations that are already known. Theories should also
fit additional observations that were not used in formulat-
ing the theories in the first place; that is, theories should
have predictive power. Demonstrating the predictive power
of a theory does not necessarily require the prediction of
events in the future. The predictions may be about evidence
from the past that has not yet been found or studied.” It is
the predictive power that facilitates the design and develop-
ment of practical applications based on a theory. However,
in social science, the predictive power is often ignored and
explanatory power is the focus of a model [17]. As a conse-
quence, it is difficult to derive testable hypothesis from IS
models and to base the design of search systems on them.

However, this trend does not seem to be unique to IS. Gibbs
[7] noted that “throughout the field’s history, sociologists
have displayed an astonishing tolerance of untestable the-
ories. Indeed, given the veneration in sociology of grand
theories and the common indifference of sociologists to the
few testable theories in their field, sociologies clearly pay
little attention to testability when assessing theories.” The
limitation of summary models were echoed by Wilson [24]
noting that “it does little more than provide a map of the
area and draw attention to gaps in research: it provides no
suggestion of causative factors in information behaviour and,
consequently, it does not directly suggest hypotheses to be
tested.”

There is limited work which has attempted to overcome this
gap between the two fields (e.g., [5, 12, 19]). For exam-
ple, Fidel and Pejtersen demonstrated that Cognitive Work
Analysis provided one approach to make studies in informa-
tion seeking behaviour relevant to system design. A disad-
vantage of their approach is that it involved an extensive
field study involved in the process which may not be avail-
able to us, and it is not easily repeatable. Vakkari [19] de-
rived hypotheses from Kuhlthau’s Information Search Pro-
cess (ISP) model [13], and extended it to IIR context. For
example, search tactics in ISP model was simply browsing or
querying, Vakkari’s extension contained more detailed query
options. This shows that it is possible to bridge the gap be-
tween these two fields using scientific tools. However, as
emphasised in Jarvelin and Vakkari [20], this is partly due
to the exceptionally good predictive power of the ISP model.
Again, this reinforces the importance of predictive power in

theoretical development?.

3. COGNITIVE EFFECTS

How can we gain predictive power in the research? A way in
which an understanding of human behaviour is represented
in Psychology offers us one approach to solve this problem.
This is often called an effect. An effect is a result of a cause
(i.e., causality). A cognitive effect is a form of change in
our cognitive state or process such as perception, learning,
problem solving, memory, attention, and language caused
by an event. An example of effects which is relevant to ITIR
research is the novelty effect [4]. The novelty effect refers to
our tendency of temporally liking new technologies which
diminishes as time goes by. Participants of user studies
might prefer an experimental system over a baseline system
due to this effect. A large number of effects has been ob-
served and, to a different degree, studied by the researchers
in Cognitive and Behavioural Science (See the List of ef-
fects section27 List of cognitive biases3, and List of
memory biases® section in Wikipedia).

Effects have interesting traits as a conceptual tool of re-
search. First, they can be a smaller unit than a model or
theory. An effect might occur in a part of the model. This
means that we can present and discuss effects more easily
than models or theories. Second, they tend to have pre-
dictive power. Effects help us to predict what will happen
based on a condition or function (e.g., when a new technol-
ogy is introduced, people will initially like it). As we have
discussed earlier, this allows us to formulate hypotheses to
investigate this effect. Third, they do not always have a
clearly understood cause, which is the principle of causal-
ity. This may sound contradictory to the previous point.
However, the condition might represent a situation where
an effect occurs, but it does not necessarily explain why it
occurs. This means that we can present and discuss an ef-
fect without complete understanding. Fourth, effects are
not necessarily about new ideas. It can be a conceptual-
isation of an effect we are empirically familiar with. An
example is picture superiority effect, which essentially says
concepts are more likely to be remembered if they are pre-
sented as pictures rather than as words. This simple effect,
nevertheless, provides a theoretical justification for using a
thumbnail of webpages as a form of bookmarking in search
systems. Finally, some effects are a compound of other ef-
fects. For example, serial position effect shows that when
people remember a sequence of items, they can recall the
start and end items better than the middle items. This ef-
fect is a result of the primacy effect (for the first items) and
the recency effect (for the last items).

An excellent example of cognitive effect in IS&R is the work
on task complexity by Bystrom and Jérvelin [3]. The over-
all effect of task complexity in their study can be defined
as the changes of the needs of information caused the per-

'However, this is not to say explanatory power of theory can
be ignored. If a theory is represented in a very abstract way,
it will be difficult to use it in system or interface design.
’http://en.wikipedia.org/wiki/List_of _effects
Shttp://en.wikipedia.org/wiki/List_of_cognitive_
biases

“http://en.wikipedia.org/wiki/List_of _memory_
biases



ceived complexity of the task at hand. More specifically, it
models that as task complexity increases 1) the complex-
ity of information needed increases; 2) the needs of domain
information and problem solving information increase; 3)
the share of general-purpose sources increases, and that of
problem and fact-oriented sources decreases; 4)the success of
information seeking decreases; 5) the internality of channels
decreases; and 6) the number of sources increases [3]. As can
be seen, the effects help us predict a consequence for a given
change. This helps us to design a responsive support for
a given situation. The effects are also testable hypotheses
[21]. Another task complexity effect was people’s searching
behaviour. For example, Machionini [14] observed that peo-
ple are more likely to perform keyword search in low com-
plexity tasks while they are more likely to perform browsing
in high complexity tasks. Some of the accounts made by
Bystrom and Jarvelin help us understand the cause of this
observed effect. Now we can see that a potential theory of
task complexity in IS&R has been developing as a result of
accumulated studies that look at effects and their causes.

Van Rijsbergen’s clustering hypothesis [22] is another exam-
ple. It hypothesises that similar documents are likely to be
relevant for the same query. This hypothesis has been exam-
ined by numerous studies (e.g., [18]) and thus has become
one of the most frequently used techniques in information
systems. Arguably, it was the form of an effect, document
similarity to topical relevancy, represented in the hypothesis
that allowed researchers to use it as a building block of more
complex applications.

Unfortunately, we do not have many cases like task complex-
ity or the clustering hypothesis in IS&R. The next section
discusses the implications of cognitive effects on IS&R re-
search.

4. IMPLICATIONS ON IS&R EVALUATION

There are several directions of research based on cognitive
effects. First, we can investigate existing cognitive effects
found in Psychology in the IS&R context. Novelty effect,
for example, is often used to describe a short-time positive
effect on people’s task performance or perception caused by
a new technology. A new technology tends to increase a level
of attention, which results in increased efforts or persistence,
which in turn yields an achievement gain [4]. However, when
they increase their familiarity with the technology this pos-
itive effect is known to disappear. Therefore, when partici-
pants of a user study are asked for their preference towards
a baseline system (with low novelty) or an experimental sys-
tem (with high novelty), a higher level of preference on the
experimental system might be a result of its higher novelty
rather than increased level of effectiveness, efficiency, or us-
ability.

However, the increased level of effort and persistency caused
by novelty appear to have more implications on IS&R. Re-
cently, there have been several studies that tested the effec-
tiveness of search interface that offer a form of grouping func-
tion that allows users to organise search results [23]. This
type of interfaces is often designed to support exploratory
tasks where information needs and task goals are ill-defined,
and thus, iterative searching and browsing are required. One
of the common results in such studies is that the number of

interactions with system increased in experimental systems
(with grouping function) when compared to baseline sys-
tems (without grouping). As discussed above, there is tech-
nological novelty in experimental systems. However, there
also appears to be topical novelty. In other words, par-
ticipants were finding new relevant information or new as-
pects/facets/instances in a topic with experimental systems,
which could encourage them to make more effort and to be
more persistent with artificial tasks. Therefore, continuously
providing topical novelty might be a key factor to facilitate
exploratory tasks, and thus, the design of exploratory search
interfaces.

A second direction is to revisit existing IS&R findings to
derive cognitive effects. The task complexity effect was such
as example. Belkin, et al. [1] found that people’s search
queries can be lengthened when a short text “Information
problem description (the more you say, the better the results
are likely to be)” was added to the beneath of the query
box. Since there is a higher degree of ambiguity in short
queries, longer queries tend to perform better in search. This
might be called the query box effect. Another example is
click-through behaviour from query log analysis. It often
shows a high click rate on the top ranked documents (e.g.,
1st, 2nd, 3rd), but the URLs shown at the bottom of the
result page (10th) are sometimes clicked more frequently
than the middle (5th-9th). This is often explained by a
scrolling action or paging action. When searchers try to go
to the next page of search result, they saw the 10th result
which was hidden before scrolling. This might be called the
page navigation effect. How can we prevent this in terms
of search interface design? Or is it worth placing a higher
score result in the 10th place than 5-9th?

A third direction is to derive an effect by looking at the
cases where proposed techniques did not work. This is a
type of failure analysis. Although the designer of the sys-
tem or search interface often assumes rational behaviour of
the users, cognitive bias and irrational behaviour are com-
mon and persistent in human activities. By examining the
cause of unsuccessful performance, one may hypothesise a
potential effect that explains the situation. This can be a
more constructive way of reporting our negative result rather
than insignificant performance differences.

Readers may find the use of the label “effect” inappropriate
and may prefer to use “hypothesis”. As I discussed above,
both have common traits, although a hypothesis is not nec-
essarily about a casualty. The anomalous state of knowl-
edge (ASK) hypothesis [2] is such an example. The ASK is
about the nature of information needs. “Bias” and “fallacy”
are also frequently used for a negative effect in Psychology.
However, a more prominent assertion I would like to make
in this paper was to encourage researchers to observe and
formulate an effect as a part of evaluation and present it
as a theoretical contribution of the research. The observed
effect might be weak or sparse. You may not have a com-
plete explanation, or later we might find that it was a false
effect. However, at least this enables other researchers to
build their work upon hypotheses derived from the effect.
Gould [8] noted “Science is not a linear march to truth but
a tortuous road with blind alleys and a rubbernecking delay
every mile or two” (cited in [17]).



Measures used in laboratory-based experiments of IIR stud-
ies have been predominantly retrieval effectiveness (e.g., pre-
cision, recall, cumulative gain), interaction efforts or effi-
ciency (e.g., task completion time, number of queries, fre-
quency of browsing), and subjective assessments (e.g., task
perceptions, system perceptions). This has resulted in a
number of descriptive studies without much theoretical de-
velopment. Shoemaker, et al. [17] noted “scholarly journals
offer a wide variety of descriptive studies. ... These kinds
of atheoretical research areas have their uses but they tend
to produce isolated studies that do not move our knowledge
forward on important questions in the field. ... such studies
become like bricks lying around the brickyard rather than
bricks that are used to build a wall” (p.168).

A strong tradition of measuring improvement in IR might
have been preventing us from deriving potential effects from
studies. Finding a cognitive effect in an evaluation can be
a starting point of theoretical development as illustrated in
this paper. The form of effects appears to be worth consid-
ering to represent our understanding of IS&R phenomena
and to facilitate our communication about the phenomena.

S. SUMMARY

As discussed in the Introduction, we often focus on devel-
oping practical solutions to a problem, putting theoretical
development at a lower priority in research. Also, theory
building can be a difficult and abstract task. Exploring an
effect in our studies might offer us a light-weight starting
point for theoretical development which might eventually
lead to an interesting theory. As Interactive IR is some-
times called Cognitive-oriented IR [10], the field has consid-
ered cognitive aspects in information seeking since its early
days (e.g., [2, 9]). This paper discussed another aspect, a
much smaller aspect, to contribute to the development of
cognitive aspects in Information Seeking and Retrieval.
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ABSTRACT

A method of collecting and analyzing user data derived from
the interaction with a Web searching service is introduced
together with initial results. The selected and interleaved
sources of data are both implicitly and explicitly collected
during user interaction time. Preliminary results confirm
that some insights can be gained by analyzing only data
derived from the chosen and combined sources of data.

Categories and Subject Descriptors
H.3.7 [Digital Libraries]: User Issues; H.3.4 [Systems
and Software]: User profiles and alert services

General Terms
Experimentation

Keywords

Log analysis, user studies, digital library evaluation

1. INTRODUCTION

User studies are a valuable method for understanding user
behaviors in different situations. User studies require a sig-
nificant amount of time and effort, so an accurate design of
the process has to be carried out. Questionnaires are types of
extensive methods that can be used to interview users, with
the goal of learning how to better develop the service under
investigation, and they explicitly collect information on the
use of a specific service by its users [4]. Questionnaires can
also provide simple feedback to build up an understanding
of the different way users perceive the search tools provided
by a service.

The interaction between the user and the system can be
analyzed and studied in order to gather user preferences and
“learn” what the user likes the most, and use this information
to present the results in different ways. User preferences can
be learned explicitly, for example asking the user to fill-in
questionnaires, or implicitly, by studying the actions of the
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user which are recorded in the search log of a system. The
second choice is certainly much less intrusive but requires
more effort to reconstruct each search session a user made
in order to learn his/her preferences.

Log is a concept commonly used in computer science; in
fact, log data are collected by programs to make a perma-
nent record of events during their usage. The log data can
also be used to study the usage of a specific application, and
to better adapt it to the objectives the users were expect-
ing to reach. In the context of the Web, the storage and
the analysis of Web log files are mainly used to gain knowl-
edge on the users and improve the services offered by a Web
portal, without the need to bother the users with explicit
collection of information on the use of the portal.

In general, user studies and logs are used in a separate way,
since they are adopted with different aims in mind. Ingw-
ersen and Jérvelin report in [3] that it seems more scientifi-
cally informative to combine logs together with observation
in naturalistic settings. Pharo and Jérvelin in [6] suggest
systematic use of the triangulation of different data collec-
tion techniques as a general approach in order to get better
knowledge of the Web information search process. Taking
inspiration from this general approach, we have conceived a
method of combining implicit and explicit user interaction
data to gain information to be used also for personalization
purposes. In the following we present this method together
with initial experimental results that we have used to vali-
date it.

The paper is organized as follows: Section 2 introduces the
proposed method of combining different sources of user in-
teraction data to extract knowledge on the user interaction
process with a portal giving access to a two level sources of
information: at the first level the user interacts with a union
catalogue of bibliographic descriptions, at the second level
the user interacts with national libraries catalogues that give
access both to bibliographic descriptions and to digital ob-
jects. Section 3 reports on results that have been reached
so far in the application of the proposed method in the real
setting of The European Library. Finally, Section 4 gives
insights on future developments of the application of the
proposed method and possible presentation of it in a more
structured and formal way.



2. A METHOD FOR DERIVING KNOWL-
EDGE ON WEB PORTAL USER INTER-
ACTION

In the context of previous studies analyzing the interaction
data of users who use on-line Web information services, we
made the consideration that the information which can be
extracted independently from log user interaction data and
user questionnaire data could be combined together to un-
derstand how search process related factors are influenced
by various personal and contextual user aspects [1]. From
this starting point we have developed a method for collect-
ing data derived from the user interaction log, “implicit”
data, and data collected from user questionnaires, “explicit”
data, for analyzing user Web searching and browsing. The
combination of implicitly and explicitly collected data im-
proves understanding of behavior with respect to the under-
standing that can be gained by analyzing the sets of data
separately. In particular, the combined sets provide the op-
portunity of reaching insights towards user personalization
of Web searching services, and also make possible results
that can be generalized and applied not only to the users
that have participated in filling out the questionnaires but
to many other users that use the same service.

The method we propose was envisaged during the study of
the Web portal of The European Library’, which provides
a vast virtual collection of material from all disciplines and
offers interested visitors simple access to European cultural
heritage.

The quality of the services and documents The European
Library supplies are very important for all the different cat-
egories of users of a digital library system. Log data consti-
tute a relevant aspect in the evaluation process of the quality
of a digital library system and of the quality of interoper-
ability of digital library services. Together with log data
analysis, user studies can be performed on groups of users
that freely crawl and navigate a Web portal, for example
The European Library portal, and then fill in specifically
designed questionnaires to report and describe their impres-
sions. The conceived method is based on the combination
and analysis of the following data sources: 1) HTTP log
which contains the HTTP requests sent by the Web client
to the Web server during a user browsing session, 2) search
log which contains the actions performed by the user during
a search, and 3) questionnaire data which are collected at
the end of a user browsing and searching session.

If the previous sources of data were independently studied,
only partial knowledge on the user would be gained. By
analyzing the three data sources together the correspond-
ing data can be interrelated, thus providing information not
previously available. Such new information sheds light on
previously unknown or hidden aspects about the user. The
sources of data used and the interrelation among them are
depicted in Figure 1 where an example of a user session is
drawn.

The first problem of recreating the context of the actions
performed by a user is identifying user sessions with cer-
tainty. In fact, the organization of the requests in a single

"ttp://www.theeuropeanlibrary.org/

session provides a better view of the actions performed by
visitors. Authentication of users, which may provide the
exact time of a session, is not always mandatory especially
for free online services. For this reason a procedure named
“session reconstruction” may be used in order to map the
list of activities performed by every single user visiting the
site. A possible approach to isolate a single session of a user
is the use of the pair TP address and user agent® [5], which
permits only a fixed gap of time between two consecutive
requests [2].

3. CURRENT RESULTS AND INSIGHTS IN
APPLYING THE PROPOSED METHOD

To validate the proposed method, a study was conducted in
a controlled setting at the end of 2007 — beginning of 2008, in
the computer laboratories of different faculties of the Uni-
versity of Padua, Italy, where students were requested to
conduct a free navigation and search for information on The
European Library portal and to fill in a questionnaire specif-
ically designed to harvest the data that can be used to ex-
tract information on users satisfaction on the use of differ-
ent parts of the portal. The students were mostly Italians,
equally distributed between males and females, and with an
age range typical of students of Bachelor and Master Degree
(in most of the cases between 19 to 25 years old). Since the
only way to recognize a particular user in the HT'TP logs is
the user agent, we asked students to modify the user agent
string of the browser in order to uniquely identify each of
them. A total of 216 students participated in the study, but
a complete session reconstruction was possible only for 155
students, because 61 students made some mistakes in the
procedure of the user agent string modification making it
impossible to recognize them in the logs, so we decided to
discard the data of this remaining 61 students to be sure of
working on a quality data set.

The analysis of the results was done in the following order:
the analysis of each stream of data - i.e. HT'TP log, search
log, questionnaires - was first conducted, while the analysis
of possible interrelation among these sources was conducted
later.

The analysis done on the HT'TP logs regarded the prove-
nance of the users and the selection of the collection of doc-
uments, i.e. if a user changes the default list of national
libraries in which the search is performed. Not surprisingly,
given the nature of The European Library portal, the users
are spread throughout the world, and in particular Europe.
However, users seem not to be using advanced search facili-
ties and they prefer to leave default settings. Interestingly,
for those users who intentionally changed the collections, it
seems that there is not a correlation between the nationality
of the user and the language of the collection (for example,
Polish users who changed the collections prefer to search in
the French Gallica collection instead of collections of Polish
documents). A somewhat different result from the HTTP
log is found on the correlation between the nationality of the
user and the language of the interface. In fact, even though
in general users tend to leave the default English interface,
there is a correlation between the nationality and the lan-
guage chosen for the interface. The same happens for the

2A string which identifies the browser used by the user.



Liked Divina Commedia

Questionnaire

14.04 Start

15/10/2008
User Questionnaire

Questionnaire
Database

15/10/2008
User session

Search Log ) h

) | |

HTTP Log ,} ) =

2 2 2

1
14/10/2008

13/10/2008

) ) )
) ) )]

)|

1404 J1407
HTTP requests

Search Log )

HTTP Log

14.07 - 14.11
Search “divina commedia”

14.07 - 14.11
Search actions

)
1)) ) e ) ) ) ) ) )

16/10/2008 17/10/2008 18/10/2008
19/10/2008

T 14.12-14.15
_ Search actions

14.01 14.02 14.03 14.04 14.05 14.06 14.07 14.08 14.09 14.10 14.11 14.12 14.13 14.14 14.15 14.16 14.17 14.18 14.19
14.00 14.20

14.04 - 14.07
GET /index.html
GET /image.jpg

Figure 1: The three arrows represent the three sources of data that are collected and combined together
by the proposed method. An example of a user session is shown to highlight the way the three sources are
generated in an interleaved way during the user activities.

selection of the documents to be displayed, for example Ital-
ian users prefer on average to see documents of the National
Libraries of Florence and Rome.

The analysis on search logs confirms some of the outcomes
of the HTTP logs. For example, search sessions are on av-
erage short, around 2 minutes. We have to remember that
the time of a session in the search log does not need to be
exactly equal the session found in the HTTP logs since the
information about the action and the HTTP requests may
be different in time (a user may issue many queries without
browsing the portal at all). It is interesting to note that
there is a clear distinction between unregistered users, users
who do not log in, and registered users, users who enter
the portal and authenticate themselves: authenticated users
spend more time on the portal compared to the users who
do not authenticate themselves. However, the number of
registered user sessions are less than 1% of the total number
of sessions.

The analysis of the data collected from the questionnaires
confirms the important question of languages. The analysis
showed that, in general, students prefer to work in their own
mother tongue instead of English. A total of 55% of users of
the controlled study said that the first thing they did when
they accessed the portal was change the language of the
interface. However, the same people are willing to search,

browse collections, and visualize documents in different lan-
guages. This is a first important point where the analysis of
the interrelation between the three sources of data produces
a more explicative situation than the one a single source
could produce: users prefer to interact with the portal in
their own language instead of English which is the default
language (which means performing an intentional action of
searching the Web page choosing to “click” the button which
changes the language), nevertheless this does not exclude the
fact that users search and browse collections of documents
written in different languages. In particular, users do not
choose the collection before the search (they leave the de-
fault list of collections) but they apply this sort of filtering
at query result time when they show their preference for
collections from their own country instead of others.

A first analysis of possible correlations between sessions cal-
culated on different logs is shown in Table 1. The identi-
fication of sessions was based on: a TEL session identifier,
the IP of the client who made the request, and the distance
(in time) between two consecutive requests. For example, a
session is a sequence of request made by the same client IP,
with the same TEL session identifier, and whose distance
between two consecutive request is always less than 30 min-
utes. The “Search log” column shows the statistics of the
times, in minutes, of sessions found in the search logs, and
between brackets the times of sessions of users who regis-



Table 1: Summary of statistics for the time of a
user session in minutes calculated in the search
logs (between brackets registered user only), HT'TP
logs (between brackets user who participated in the
study), and the time for filling-in the questionnaire.

Search log | HT'TP log | Questionnaire
Median | 2.0 (4.0) | 1.3 (30.25) 31.0
Mean 6.0 (8.0) | 4.7 (31.80) 33.0

tered to the portal. This shows that logging on is a clear
intention of users who are willing to spend time in the portal
and search more, compared to random users. The “HTTP
log” column shows the times of sessions found in the HTTP
logs computed in October 2007, and between brackets the
times of the sessions of users who participated in the user
study at the University of Padua. In this case, there is a
strong bias of the students of the user study due to the
time slot which was about 30/45 minutes. The times of
random users are comparable to those found in the search
logs. The last column shows the times of sessions for filling-
in the questionnaires, which are obviously very similar to
the times of HTTP sessions of the user study. There is one
important aspect which emerges from the data: sessions are
very short, browsing and searching activity lasts less than
2 minutes in 50% of the cases. This particular situation
can be explained only by studying the answers of the users
to the questionnaire where there are clear indications about
some difficulties they found in understanding how to read
the list of the results, and how to use some functions of the
interface. These are also the reasons why they would have
left the portal before if they were not asked to stay and fill
in the questionnaire.

There is another important interrelation found among ques-
tionnaires and log data which may explain the short length
of a user session. One of the outcomes of the questionnaire
was the disorientation of the user upon entering The Euro-
pean Library portal for the first time, in particular it seems
not to be clear what kind of information can be accessed
through this portal. Users are in general ready to search
in a Google-like fashion and obtain documents, in terms of
links to pages or documents online, in the case of The Euro-
pean Library they are essentially in front of an online public
access catalogue which retrieves bibliographic records. Ob-
taining library catalogue records after a search is a source
of confusion which leaves the user unhappy and willing to
leave the portal quickly.

Questionnaires also show that images in particular seem to
be very appealing for users; both the “treasures” section, a
section which shows high resolution images of ancient doc-
uments, and the “exhibition” section, a section which shows
pictures of the national libraries buildings, were thoroughly
browsed by users even before making any query in the por-
tal. This is an important clue which may suggest that there
should be more linking from the images to the catalogue
records. The interrelation among the information about
users which prefer images and the HTTP log and searches
log is still under investigation. In fact, we would like to
see if this willingness expressed in the questionnaire is also
reflected in user actions: for example, a user who is inter-

ested in images clicks more frequently on images or search
for documents like maps or paintings; or a user expresses
this interest in images but actually does not perform any
action in the portal which confirms this interest.

It is necessary to note that the sample of students cannot
be considered as a significant sample of all the users of The
European Library; however, the results of the analysis on
this group of students are useful to understand the behavior
of university students (specifically from Italy, and in partic-
ular from University of Padua). These are users who can be
interested in using the portal and searching of bibliographic
records and, for this reason, their judgements about the in-
terface and the services have to be taken into consideration
for personalization purposes.

4. FUTURE WORK

The continuation of the work foresees the identification of
all the user sessions that are present in the logs and the
matching of those sessions with the students ones, in this
way we can assign a known profile to unknown users who can
be automatically offered the same advanced services that at
present can be offered only to known users. This can be
considered a way of offering personalized services to a wider
audience without explicitly asking for personal preferences.

Finally, a future development of the work is to provide a
formal and structured model of the method.
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ABSTRACT

Most existing evaluation protocols in IR are laboratory-
based ones. They are based on a controlled evaluation method-
ology and lack generally of user evidences expressing his
search context in the data set and the evaluation proto-
col as well. This paper proposes an evaluation protocol for
a session-based personalized search. It is based on an en-
hanced TREC HARD collection with simulated user pro-
files issued from simulated search sessions. The experimen-
tal results show the effectiveness of our personalized search
approach according to the proposed evaluation protocol.

Keywords

Evaluation protocol, personalized search, user profile, search
session, simulation

1. INTRODUCTION

The main goal of an IR system evaluation framework
is to measure the corresponding retrieval performance ac-
cording to efficiency and/or effectiveness. Regarding effec-
tiveness evaluation, most existing evaluation protocols are
laboratory-based ones where the user need is generally rep-
resented by the user query. Within the emergence of con-
textual IR, these protocols are not sufficient for evaluating
the system performance under the challenge of context. At-
tempts to extend the laboratory model to user centred eval-
uation have been achieved via the TREC Interactive track
[6] and HARD track [1] by integrating the user context in
the data set. Despite these extensions, the overall evalua-
tion still is restricted due to the exploitation of only specific
contextual features. To alleviate such limitations, contex-
tual evaluation methodologies have been proposed to sup-
port simulated user profile through contextual simulations
[9] or real evaluation scenarios through user studies [3].

In this paper, we present an evaluation protocol devoted
for a session-based personalized search. The user profile is
simulated using hypothetic user interactions on documents
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provided by TREC and the search session is simulated by
aligning generated sub-queries of a query along a sequence.
The paper is organized as follows. Section 2 presents a short
overview of contextual IR evaluation. Section 3 presents
our approach of search personalization and a contextual IR
evaluation integrating simulated user profiles and search ses-
sions. Section 4 presents a conclusion and our perspectives
for future works.

2. CONTEXTUALIREVALUATION: ASHORT

OVERVIEW

Contextual IR evaluation aims at measuring the system

performance by integrating the user context in the evalua-
tion scenario. There are two main types of contextual eval-
uation: evaluation by context simulations and evaluation by
user studies.
The first kind of evaluation simulates users and interactions
by means of well defined retrieval scenarios (hypothesis) [10].
A contextual simulation in [9] used a document collection is-
sued from a predefined Web ontology and simulates the user
profile by a concept of the ontology. For a specific simulated
concept /user profile, queries are generated automatically by
the top terms representing the concept. The user profile is
built using a set of documents classified under this concept,
called the profile set. Other personalized approaches carry
out a contextual simulation by enhancing TREC collection
with simulated user profile [11, 4] represented by a TREC
domain and built using the relevant documents of the queries
annotated by the domain. Evaluation measures are the pre-
cision and recall in the case of extending a laboratory-based
collection (TREC) or the average rank of the documents
returned by the system and that are classified under a sim-
ulated concept in [9]. This evaluation method is worthwhile
since (a) it is less time consuming and costly than experi-
ments with real users and (b) allows comparative evaluation
with respect to the defined scenarios [12].

The evaluations by user studies are carried out with real
users to test the system performance through real user inter-
actions with the system. There are two types of user studies
adopted in the domain. The first one (8] consists of using a
search interface plugged within a TREC collection where the
user is asked to reformulate queries related to a predefined
topic by TREC in order to define a search session. The user
profile is represented by the user search history in a search
session. The second kind of contextual evaluation by user
studies [3, 7] is carried out using an API search interface



(like the Google API) that allows the user to perform natu-
ral search. Evaluation measures are the average rank of the
clicked documents by the user [3] or the average precision
and recall over the top N returned documents by the system
[7, 8]. Recall is computed using all judgements given by all
the users for the query.

3. A CONTEXTUAL EVALUATION FOR A

SESSION-BASED PERSONALIZED SEARCH

3.1 A session-based personalized search

Our approach of search personalization [5] aims at rep-

resenting and personalizing the search using a graph-based
user profile issued from a predefined ontology. The user
profile is built over a search session by combining graph-
based query profiles; personalization is achieved re-ranking
the search results of queries related to the same search ses-
sion.
A query profile G is built by exploiting the documents
clicked D; by the user and returned with respect to the
query ¢° submitted at time s. First a Keyword query con-
text K° is calculated as the centroid of documents in D;:

K== 3w (1)

Dl &3,

K* is matched with each concept ¢; of the ontology repre-
sented by single term vector ¢ using the cosine similarity
measure. The scores of the obtained concepts are propa-
gated over the semantic links as explained in [5]. We select
the most weighted graph of concepts to represent the query
profile G at time s. The user profile GY is initialized by
the profile of the first query submitted by the user. It is
updated by combining it with the query profile GZ“ of a
new related query submitted at time s + 1.

A session boundary delimitation based on the Kendall rank
correlation measure is used to compute the correlation de-
gree between a new submitted query ¢°*' and the user pro-
file G5. When the correlation value AI = ¢°*T1oG? is above
a predefined threshold value o, the search results returned
by the system are re-ranked by combining their original score
with their contextual score as follows:

Spldi) = v Si(g, di) + (1 =) x Se(di, Gu) - (2)

0<vy<1

The contextual score S. is computed between the result dj,
and the top h weighted concepts of the user profile G, as
follows:

Se(dy, G3) = % Z score(c;) * cos(d;,c}) (3)

j=1..h

3.2 Contextual evaluation protocol derived from

HARD TREC

We present a contextual evaluation protocol which inte-
grates the user profile into the evaluation process. Involved
components are the query set consisting of related sub-topics
of the HARD TREC topic set, the user profile built across
a simulated search session defined by a sequence of related
subtopics and the evaluation strategy that aims at train-
ing the session boundary delimitation and then testing the
personalized search using the best system parameter.

3.2.1 Queries

Queries are the topics provided by TREC' 2003 HARD
Track [2]. As the user profile is built over a search session
(a sequence of related queries) and there is no information
available in the collection concerning the correlation between
the queries, we generate three subtopics per topic that de-
fine a simulated search session. The adopted strategy for
generating the sub-topics of a topic consists of:

e extracting a document profile set that consists of the
top r relevant documents returned by the system with
respect to the topic.

e dividing the document profile set randomly into equally-
sized three profile subsets.

e creating the centroid vector of each profile subset us-
ing formula (1) by representing each document as an
ordered term vector using tf*idf weighting scheme.

e building each sub-topic by selecting the top three terms
of the centroid vector.

In our experiments, we excluded topics that achieve null av-
erage precision and we set r = 9, which implies excluding
topics that have less than 9 relevant documents returned by
the system. We obtain a total of 8 topics in the main data
query set.

In order to validate the reliability of the generated subtopics,
we computed the percentage of average subtopic-topic rele-
vant document overlap and the percentage of non-overlapping
documents over the Top-n results (Top-20 and Top-40) re-
turned by the system between the subtopics themselves. Re-
sults in figure 1 prove that the subtopics have more than
(50%) of common relevant documents with the topic which
confirms that they are related. Moreover, results in figure
2 prove that even though the subtopics were built from the
same topic, they contains different terms which leads to do
not return same documents (average non-overlapping esti-
mated higher than 40% at Top-20). For the topic 48, we
obtain a null percentage of non-overlapping documents at
Top-40 because the generated subtopics contains two com-
mon terms over three. Subtopics still correlated as they are
considered as different reformulations of the same topic.

3.2.2 Document collection

The main document collection used in the HARD track
contains the newswire text from AQUAINT corpus and U.S.
government documents.

3.2.3  User profile

The user profile is integrated in the evaluation strategy
according to a simulation algorithm that generates it us-
ing hypothetic user interactions for each topic provided by
TREC assessors. We consider that a topic holds an infor-
mation need that represents a simulated user interest / user
profile. The simulated user profile is created across related
subtopics as follows:

1. Creating the ontological query profile for each subtopic.
We notice that the query context K* for a subtopic
q° is created using its appropriate relevant document
profile subset.

!Text REtrieval Conference:http://trec.nist.gov
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Figure 1: Percentage of relevant overlapping docu- Figure 2: Percentage of non-overlapping documents

ments between the subtopics and the main topic

2. Initializing the user profile by the ontological profile of
the first query of the session.

3. Applying the session boundary recognition mechanism
using an appropriate threshold value (¢*) when a new
subtopic has to be processed along a query sequence.
If the subtopic is correlated to the current user profile,
this latter is then updated by combining it with the
the profile of the new subtopic.

3.2.4  Evaluation protocol

The evaluation protocol is designed to tune the session
boundary parameter in a training stage and evaluate the
effectiveness of the personalized search in the testing stage.
For this purpose, we divided the HARD topics into two topic
sets: a training topic set and a testing topic set.

A. Training stage

In this stage, we tune the optimal correlation value of the
session boundary delimitation that achieves the best perfor-
mance. To do so, we set a training query sequence created
by aligning successively subtopics of the training topic set
given by the HARD track.
First we computed subtopic-profile correlations values ac-
cording to the Kendall measure between each subtopic on
the training sequence and the user profile built across previ-
ous and related subtopics (related to the same topic). Once
the correlation values are computed, we proceed to tune
an average correlation value that maximize the precision of
detecting correct session boundaries Pinirq(o) and correct
correlated queries Pipier (o) defined as follows:

|RQ) |BQ|
ITRQ|’ ITBQ)

Where |RQ)| is the number of subtopics identified as correctly
correlated according to the subtopic sequence, and |T RQ)| is
the total number of subtopics that should be identified as
correlated, |BQ| is the number of subtopics indicating cor-
rect session boundaries, and |T'BQ)| is the total number of
session boundaries in the subtopic sequence. The optimal
session boundary threshold value is identified when both
measures (Pintrq(0) and Pipter (o) have the maximum accu-
racy.

Pintra(a) -

P’Lnter (U) -

(4)

ox = argmazs(Pintra(0) * Pinter(0)) (5)

B. Testing stage
In this stage, we evaluate the search personalization along
a testing query sequence (different from the training query
sequence). The evaluation is based on comparing the typical
search performed using only the query to the personalized
search using the query and the correlated user profile.
This stage could be explained by the following steps:

between the subtopics themeselves

e Creating the testing query sequence by aligning the
subtopics of the testing topic set.

e Along this sequence, we used the optimal threshold
value in the session boundary recognition mechanism
to build the user profile across related testing subtopics.
For each subtopic having a correlation value greater
than the optimal threshold value o*, we proceed to:

— perform the personalized search on this subtopic
by re-ranking its search results using the corre-
lated user profile,

— update the user profile by combining it with the
query profile of the subtopic being processed.

3.3 Experimental Results

The evaluation protocol presented above is used to evalu-
ate our search personalization approach. A total of 8 topics
are divided equally into training topics and testing topics.

3.3.1 Evaluating the session boundary delimitation

According to the training stage, we create a sequence of 12
subtopics of 4 training topics by aligning the most correlated
topics successively. So, we have 3 total session boundaries
to be identified (TBQ=3) and 8 queries to be identified as
correlated (TRQ=8) by considering two correlated subtopics
per topic along the sequence. We computed the subtopic-
profile correlation along the training sequence. The opti-
mal session boundary threshold is identified at ¢* = —0.41
achieving significant precision of identifying correct session
boundaries (66%) and correct correlated queries (75%).
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Figure 3: Kendall correlation values computed
across the training subtopic sequence
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Figure 4: Average Top-n recall and Top-n precision comparison between the personalized search and the
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3.3.2  Evaluating the personalized search performance

According to the testing stage, we evaluate the effective-

ness of the personalized search by comparing it to the typi-
cal search. A testing sequence of 12 subtopics is created by
aligning 4 topics according to their number in the HARD
trec. We used the optimal session boundary identification
(0" = —0.41) to detect related subtopics.
Figure 4 shows the average Top-n precision and Top-n re-
call achieved by personalized search comparatively to the
standard one on the subtopic sequence using v = 0.3 (tuned
as the best value) of equation (2). Results prove that per-
sonalized search achieves higher retrieval precision and recall
comparatively to the standard search. The best performance
is achieved by the personalized search in terms of top-10 pre-
cision (12.73) and top-10 recall (0,57) comparatively to the
standard search having lower top-10 precision (1.82) and
lower top-10 recall (0,10 ). We have conducted experiments
in previous work [5] where the profile set of each topic was
defined by the first 30 relevant documents listed in Qrels
[5]. We notice that the improvement is much more higher
when the user profile is built using the top ranked documents
returned by the system with respect to the topic. This con-
firms that our method achieves an effective personalization
as in real world search engines.

4. CONCLUSION

In this paper, we have presented an evaluation protocol
devoted for a session-based personalized search. More pre-
cisely, this protocol is suitable for the evaluation of a person-
alized search that requires a session boundary delimitation
to build the user profile. It is based on the TREC HARD
collection where the user profile is simulated for each topic
using a set of relevant returned documents by the system
and that are previously judged by TREC assessors. We de-
fined also a session-based evaluation scenario that integrates
the search session as a sequence of subtopics generated for
a specific topic. We evaluated our approach according the
proposed evaluation protocol and show that our approach
is effective. In future work, we plan to extend this protocol
by using real user data provided from a search engine log
file. Extending the protocol aims at testing the effectiveness
of the personalized search based on relevance judgements
given by the user who submits the query. It consists of
defining a query set provided from real users and the asso-
ciated relevance judgements provided from the clickthrough
data available in the log file.
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ABSTRACT

Emerging personal lifelog (PL) collections contain perma-
nent digital records of information associated with individ-
uals’ daily lives. These archives can include materials such
as emails, web content, personal documents, photographs,
videos and music, logs of phone calls and text messages,
and also personal and contextual data such as location (e.g.
via GPS sensors), persons and objects present (e.g. via
Bluetooth) and physiological state (e.g. via biometric sen-
sors). PL archives have many potential applications includ-
ing helping individuals recover partial forgotten information,
sharing experiences with friends or family, telling the story of
one’s life, clinical applications for the memory impaired, and
fundamental psychological investigations of memory. Real-
ising these potential applications requires the effective com-
bination of content and context information within the in-
formation access process. PLs can be collected by individu-
als over very extended periods, potentially running to many
years.
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At DCU we are currently engaged in the collection and
exploration of applications of large PLs. We are collecting
rich archives of daily life including textual and visual ma-
terials, and a range of related context data. An important
part of this work is to consider how the effectiveness of our
ideas can be evaluated. For example, what metrics should
be used, and how can meaningful experiments be conducted
where the only person who can judge the accuracy of the ap-
plication is the owner of their PL? While these studies might
have considerable similarity with traditional evaluation ac-
tivities in areas such as information retrieval and summa-
rization, the characteristics of PLs mean that new challenges
and questions emerge. We are currently exploring the issues
through a series of pilot studies and questionnaires. Our ini-
tial results indicate that there are many research questions
to be explored and that the relationships between personal
memory, context and content for these tasks is complex and
fascinating.
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ABSTRACT

This paper presents a pilot study of a novel context modelling
method for capturing an evolving model of information needs
during search tasks to assist users in satisfying their long-term
needs. Short-term sessions are clustered using terms extracted
from explicitly marked search results to create and update aspects
of a user profile. The terms that most significantly define the
aspects of a user profile are determined using the Ostensive Model
and these aspects are used to create a Personal Information Agent
to help users satisfy their long-term needs. A novel evaluation
technique is introduced comprising four participants performing
two simulated work situation tasks over three search sessions
where user questionnaires and log file analysis measure the
performance of the context modelling method.

Categories and Subject Descriptors
H.3.3 [Information Search and Retrieval]: Systems and
Software-Relevance feedback

General Terms
Experimentation, Human Factors, Measurement

Keywords
Ostensive model, context modelling, personalised retrieval,
evaluation techniques.

1. INTRODUCTION

In information retrieval, long-term information needs are typically
characterised by users seeking resources on the same topic over
multiple search sessions. They differ from short-term needs
because the user usually has a personal or professional interest
driving their behaviour. The majority of long-term information
needs have multiple aspects; for example, somebody following
developments in U.S. politics may be interested in the legacy
George W. Bush leaves behind and the challenges facing Barack
Obama during his presidency.

In traditional information retrieval techniques [1] there is an
assumption that users will be able to satisfy their information
needs with a single query during single session. Relevance
feedback techniques [2] emerged to assist users in satisfying their
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needs with multiple queries on the same topic in a single session
based on result list interactions. The emerging area of contextual
information retrieval seeks to develop techniques to capture and
represent information needs that evolve over time.

There are several examples of previous research on contextual
information retrieval. Harper and Kelly [3] present an interface
that allows users to organise their needs into piles and provides
contextual feedback through these piles. Their evaluation
combines click-through data and a user questionnaire. Martin and
Jose [4] present an interface where users bundle documents and
receive contextual feedback based on those bundles. Their
evaluation also combines click-through data and user
questionnaire responses.

Our motivation is help users satisfy their long-term information
needs by modelling their interactions with search results and
retrieving new web pages on their behalf using these models. In
comparison with the approaches in [3][4], our approach combines
the data extracted from explicit relevance feedback across
multiple sessions to capture the evolving interests of users. We
adapt the evaluation techniques used in [3][4] and perform a small
user study with two tasks designed to simulate a long-term
information need in participants.

We investigate the following questions in this paper:

= How useful is a retrieval system that helps users construct a
profile of their evolving information needs?

= How useful is a personal information agent based on aspects
of user profiles captured from explicit interactions?

To evaluate our novel context-modelling technique we will
change the method of producing terms the system uses and
suggests terms that define aspects of user profiles. The baseline
system will construct user profiles using terms extracted from
search queries issued during previous sessions. The experimental
system will construct user profiles using terms extracted from
explicitly marked documents. The evolving significance these
terms contribute to the profile will be calculated using the
Ostensive Model.



Interest label Defining terms

chrisimas 2008 high street sales 2008 shop retailers uk expectation sales christmas @
Suggested terms: fall trade new time get
crisis 2009 uk high street expect 2009 uk market price

Suggested terms: new retail year bank

Refresh incoming links

Figure 1: User profile management interface.

The remainder of this paper is structured as follows. Section 2
describes the retrieval system used in our study. Section 3
describes our experimental and baseline context modelling
techniques. Section 4 focuses on our evaluation technique and
experimental methodology. Section 5 offers some preliminary
results and discussion based on an experiment with four
participants.

2. SYSTEM DESCRIPTION

Our retrieval system is based on the system originally presented in
[5]. It is a web application comprising a separate backend and
frontend. The backend consists of components for ad-hoc
indexing, session clustering, context modelling, and logging. The
frontend consists of interfaces for user profile management,
bookmark management, search results, and personal retrieval
agent results.

In the backend, a new session is created when a user issues a
query and terminated when the user issues a different query. The
Google SOAP Search API' is used to retrieve results, which are
indexed ad-hoc using tf-idf weighting on the extracted text content
of each result. The current search session is added to the user
profile if one or more results are marked as explicitly relevant
during the session and clustered with other search sessions by the
terms extracted from the results that define the session.

In the frontend, users can search the Web using a typical search
box. Users can click-through to inspect result content and mark
search results as explicitly relevant. The different aspects of a user
profile can be managed from the profile management interface,
shown in Figure 1. For each aspect of their profile, users can view
the defining terms (A), view a list of suggested terms derived
from the context-modelling component in the backend (B), delete
the aspect from their profile, and change the defining terms of the
aspect. Search results retrieved by the personal information agent
can be viewed and interacted with as shown in Figure 2. For each
aspect of the user profile, the defining terms used to retrieve
documents on behalf of the user are shown (D) and users can
click-through to view the result content and explicitly mark the
result as relevant (E).

3. CONTEXT MODELLING METHODS

We use the Ostensive Model [6] to determine the evolving nature
of aspects of a user profile in long-term search tasks. The
Ostensive Model is a model of developing information needs
where the user’s needs are described as a set of evolving
information objects that exemplify the need. Campbell uses the
Ostensive Model in a browse-based system to allow users define
their needs through implicit feedback [7]. Upon selecting an
object that defines their current need, the system immediately
updates the set of objects available to the user.

! http://code.google.com/apis/soapsearch/

Interests: christmas 2008 high street sales @
crisis 2009 uk high street

Interest label: christmas 2008 high street sales
Defining terms: 2008 shop retailers uk expectation sales christmas (Change) @
apgemini e-Retail Sales Index November 2008 Now Available ...
.0rg/8! FO0ESE9BSIhitpNews!
370penDocument

Bookmark - Summary
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Figure 2: Personal information agent results.

In a query-based system, we believe that immediately changing
the search results would frustrate users. We propose that each set
of interactions with respect to a query represent a change in the
knowledge state of the user and this change is reflected when a
search session terminates. Search query and results will be
updated based on this change when the search session resumes.

3.1 Experimental Method

Suppose a user issues a guery to a retrieval system. This action
marks the start of a search session from which an aspect of the
user’s evolving information needs can be captured. Search
sessions are represented as date-ordered collections of explicitly
relevant search results, from either personal information agent
results or from search query results, alongside the terms extracted
from the text content of those results using a tf-idf weighting on
the set of search results returned for that query.

Clusters of search sessions represent an aspect of the user’s
interests. An interest represents the history of an aspect of the
user’s evolving information needs. The relevance of the terms that
define interests is calculated using an increasing-uncertainty-with-
age discounting function [7]. This type of discounting function
promotes the significance of the terms that define interactions in
the most recent search sessions.

The five terms with the highest weight extracted from the
clustered search sessions are the defining terms of an interest in
the user profile. These defining terms represent the evolving needs
of the user based on their explicit interactions with search results.

3.2 Baseline Method

The baseline context modelling method differs from the
experimental method in how the defining terms for interests are
obtained. The defining terms of each interest in the user profile
are the five most frequently occurring terms used in queries that
define the clustered search sessions. The baseline defining query
represents the evolving information need of the user but it does
not consider the explicit interactions performed by the user after
they have issued a search query.

4. EVALUATION TECHNIQUE

Evaluating a contextual retrieval system presents challenges
which are not appropriately covered using traditional measures
such as precision and recall [1]. In Web search tasks there is
rarely an available set of relevance assessments for a task and
traditional search tasks are unsuitable to evaluate a system that
attempts to model evolving information needs. We propose to use
two simulated work situation tasks [8] to evaluate a system that
captures a multiple-aspect user profile because we believe this
type of task will allow the user more freedom in their searching.



ID | Question

The incoming results were useful

The system successfully modeled my search sessions

The initial defining terms were accurate

The suggested defining terms were useful

o 9| Q| B >

I regularly changed the defining terms of my profile

Table 1: User questionnaire differentials

4.1 Hypotheses

We have the following hypotheses from our research questions:

1. Modelling the interactions of users through explicit feedback
will assist in the construction of user profiles that represent
multiple-aspect of evolving information needs.

2. A Personal Information Agent based on a multiple-aspect user
profile will retrieve useful documents on behalf of users.

4.2 Measurements

To test the first hypothesis, we will measure the number of
manual changes performed by each user to their profile. We
hypothesise that the experimental system will show a trend of
fewer changes to the user profile if the profile accurately
represents their needs. From the user questionnaire differentials
shown in Table 1, we will use differentials B, C, D, and E. We
believe the responses to these questions will help us evaluate
participants’ impressions of the context-modelling component of
the systems.

To test the second hypothesis, we will measure click-through and
explicit marking rates recorded from the interface. We
hypothesise that the experimental system will show a trend of
higher click-through and higher explicit marking than the baseline
system. From the user questionnaire in Table 1, we will use
differential A. We believe a trend of support will be present for
this question if participants find the results useful.

4.3 Tasks

The tasks associated with traditional test collections such a
TREC? and Cranfield [1] are too narrow in scope to evaluate an
adaptive retrieval system. These tasks assume users have static
and narrow information needs, for example TREC-9 Web Topics
4513 “Provide information on the Bengal cat breed.” To address
this problem, we have devised two simulated work tasks, of which
Task B is shown in Table 2. The purpose of these tasks is to
simulate a reasonably complex information need that can be
divided into several subtasks and addressed in an order that suits
the user’s searching style.

4.4 Methodology

Four participants were recruited from within the Computing
Science Department, their ages between 18 and 45. They were
required to complete two simulated work situation tasks, over
three 15 minute sessions for each work task, on three different
days and were paid £25 upon completion of the experiment.

Each participant used both the baseline and experimental system
during the experiment. The allocation of systems and tasks were

% http://trec.nist.gov/
3 http://trec.nist.gov/data/topics_eng/index.html

Imagine you are journalist writing an article on the sales
performance of shops on the High Street in the United
Kingdom over the Christmas 2008 period. Your article will be
published in a major newspaper and read by hundreds of
thousands of people. You will want to include a short-guide to
the current financial crisis to set the context for your article,
some well-sourced material on the affect of the crisis on
Christmas sales, and what expectations are for the 1st quarter
of 2009 on the High Street.

Table 2: Task descrintion for simulated work situation task B.

rotated in a Latin square to attempt to minimise learning effects.
Participants had no knowledge of whether they were using the
experimental or baseline system for either task; the interface for
the systems provided labels of System A and System B. With the
exception of the labelling of each system, the baseline and
experimental system interfaces presented to users were identical.

In response to an entry questionnaire, all participants were
educated to at least Master’s degree level, were extremely
confident using computers to complete everyday tasks, used Web
search engines every day, and mostly found what they wanted
using Web search engines.

Before commencing the experiment, participants were given a 10-
minute training task to familiarise them with the features of the
retrieval system and were allowed to ask questions. After
completing the 1* session for both tasks, participants were asked
to complete an interim questionnaire. Participants were able to
complete the second and third sessions unsupervised from their
own computer. After the 3" session for both tasks, participants
completed a post-task questionnaire; and finally, the participants
completed an exit questionnaire.

5. RESULTS AND DISCUSSION

In this section we present preliminary results from our user study.
Figure 3 shows the mean intermediate and post-task responses to
the user questionnaire described in Table 1. The responses range
from 1-5 on a Likert scale, where 1 represents a negative response
and 5 represents a positive response, with the exception of
differential E which has a reversed scale.

5.1 Context-modelling Method

The result of the log file analysis, shown in Figure 4, appears to
contradict our initial hypothesis. In the experimental system each
user made additions to the terms defining aspects of their user
profile, however, insufficient data was captured to determine if
the additions made by users to their user profile in the
experimental system were a result of the term suggestions.
Responses to questionnaire differentials B, C, and D in Figure 3
present little difference between the baseline and experimental
systems.

5.2 Personal Information Agent

The results of the log file analysis, shown in Figure 5, show that
three out of four participants marked more personal information
agent results as relevant in the experimental system. For
questionnaire differential A, in Figure 3, there is little different in
responses at between the baseline and experimental systems.
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Figure 3: Graph of questionnaire responses and interim stage and
post-task stage on differentials A —E from Table 1.

6. CONCLUSION AND FUTURE WORK

The preliminary results presented in this paper support the utility
of a contextual retrieval system that assists users with their long-
term information needs. The support is weak, however, and
further studies with a refined evaluation design and more users are
required to draw conclusions.

We believe the difficulty of designing an evaluation technique for
a multi-aspect personalised retrieval system attributed to these
results. In the future, we plan to redesign the evaluation technique
presented in this paper. Evaluating a retrieval system across
multiple search sessions poses several problems, including how to
ensure the tasks assigned to users are complex enough to warrant
multiple sessions, whether to allow users the freedom to complete
the tasks unsupervised, and which measures will appropriately
evaluate the performance of such a retrieval system.
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Figure 4: Graph of number of results retrieved by each user’s PIA
marked as explicitly relevant over the experiment.
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Figure 5: Graph of the number of additions and removals made to
the defining terms of aspects of each user’s profile.
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ABSTRACT

Topic template queries are focused on a facet of a user in-
formation need. The study of explicit feedback may provide
an improved retrieval on new queries. We have analyzed
two solutions that integrate the analysis of existing results
based on query reformulation and the boosting of documents
based on text categorization. Preliminary results show that
both approaches produce interesting results when enough
example queries are provided.

1. INTRODUCTION

In our work we are interested in topic template queries
(TTQ). These queries are defined by a theme or subject
which denotes a specific facet of related types of entities
(e.g. the role of gene X in disease Y). Several instantiations
of the templates are possible (e.g. the role of the APC gene
in colon cancer). This setup might be useful for researchers
in the biomedical domain which are in charge of curating a
database.

In information retrieval (IR) we identify several tasks like
ad-hoc information retrieval and text categorization. In ad-
hoc information retrieval (AIR) the information need is vari-
able and the document collection is fixed; even though the
document collection content is updated over time. In text
categorization (TC), the information need is fixed but there
is a document stream instead of a document collection.

On the one hand, ad-hoc information retrieval is not re-
stricted to a specific topic template. On the other hand, mul-
tiple instances of the same template can be generated, thus
different from text categorization. In our work we present
two approaches to deal with topic template queries that com-
bine existing AIR and TC approaches.

In the next section we present the related work. There-
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after we introduce the methods we propose. Finally, we
present the results and conclusions.

2. RELATED WORK

Our work is related to several approaches in IR that we
briefly present in this section. We can find techniques like
scatter /gather where the retrieved documents are organized
according to a clustering of the documents. This means a
post-processing of the search results which allows the user
to identify interesting groups of documents [6]. However,
the groups identified by this technique may not satisfy the
interest of the user.

Techniques like query reformulation might provide a bet-
ter representation of the original user query. Relevance feed-
back is a well known technique in which the user runs a query
and selects some of the documents that considers relevant
and a new query is produced based on this selection [2].

Text classifiers build models given example documents for
predefined categories (which represent a static information
need). Even though the former text categorizers were built
manually, automatic techniques such ass query expansion
and machine learning approaches [12] are commonly used
nowadays.

Despite the variety of techniques for improving query re-
sults, there is no method that analyses the set of queries
from a topic template to identify commonalities that might
improve the performance of unseen queries for a topic tem-
plate.

3. METHODS FOR TOPIC FEATURE SE-
LECTION

In this paper we compare two approaches than analyze
explicit feedback in retrieval tasks for a set of queries and
produce a model that improves the performance on unseen
queries with the same topic template. The first one is based
on a combination of text categorization and ad-hoc informa-
tion retrieval. Retrieved documents are boosted according
to a text categorizer that determines the relevance of the
document to the topic template. The second one is a query
reformulation approach. The query is complemented with
terms related to the topic template obtained after the anal-
ysis of relevant and irrelevant documents.



3.1 Text categorization

A text classifier is applied on the retrieved document list
for a given query and is used to boost documents that are
deemed relevant. These documents are boosted to the top
of the retrieved list keeping the original rank among them.
This is similar to the work of Ruch and Geissbiihler [11]
which combines a traditional vector space model result and
a rule based system.

The text categorizers are trained using provided feedback;
e.g. explicit feedback provided by users. Several categoriz-
ers based on machine learning algorithms [5] with differ-
ent learning bias have been compared: decision trees (J48),
naive bayes (NB), support vector machines (SVM) and k-
nearest neighbors (K-NN). A cross-validation analysis is used
to select the most adequate classifier for the task.

3.2 Query reformulation

The query reformulation used in the experiments is based
on the query reformulation we proposed in [8]. We have
modified our Ontology Query Model (OQM) to integrate
the terms denoting the topic template.

3.2.1 Ontology Query Model

The main aim of the ontology query model (OQM) [8] is
to produce an IR query from a set of concepts C selected
by a user browsing the ontology. We start from the set
of words provided by the lexicon of the ontology, denoted
by LexW (T); where T is the set of terms. This means
that the term breast cancer in T" will be represented as the
words breast and cancer in LexW . The terms are grouped
in synsets LexT; e.g. breast cancer is placed in the same
synset as mammary carcinoma. A given synset is linked to
a concept in the ontology.

In the OQM, we need to estimate P(w;|C), that is, the
probability of generating the word w; given a set of concepts
C. In other words, we want to estimate the probability of
choosing the word w; when expressing the concepts in C in
written documents. The model of C is then compared to each
document model D from the collection using cross-entropy
to rank the documents. The document model is represented
by the Jelinek-Mercer smoothed probability of a word in a
document and the probability of the word in a background
document collection G.

The relation between the concepts has to be considered in
the query model. As the document model is built based on
a bag of words instead of multi-word terms as those linked
to the concepts, so the terms have to be linked back to the
individual words they are composed of. We propose the
estimation of the P(w;|C) as a smoothed version of the con-
cept model Pcjr using the expansion Pr based on related
concepts:

P(w;|C) = A\ Ponr (wi|C) + (1 — A\p) Pr(w;i|C) (1)

3.3 Query Reformulation Approach

The relation R that defines the topic of the query is now
part of the conceptual query. A linear combination of the
related terms linked to the concepts and the relation terms
is used:

P(’LU~L|C, R) = aPom (’LU1|C) +,3PR(U}Z|C) +’yPRel (’LUZ|R) (2)

a+fB+y=1 (3)

Prei(wi|R) depends only on the terminology linked to this
relation and the terminology linked to other relations in the
ontology. In the case of a richer relation ontology the prob-
ability would as well consider the occurrence of the terms in
the other relations.

The terms are collected from the tokenized documents in
the training data set and cleaned from stop word terms.
Information Gain (IG) measures the reduction in entropy
and is chosen to rank the features. The entropy of a ran-
dom variable X (H(X)) indicates the smallest number of
bits needed on average to send a message from a stream of
symbols drawn from X.

H(X) = =) pilog, b, @)

Then, the information gain from the training examples
T for the attribute a considers the entropy of the training
examples and the conditional entropy of the attribute. In the
estimation we will consider the different values of the class
attribute to determine information gain of the attribute.

IG(T|a) = H(T) — H(T)a) (5)

4. RESULTS

We have used the Lemur package to set up the experi-
ments. A standard stop word list and the Krovetz stem-
mer are used. The parameters for the different models have
been chosen empirically. The lambda values for the ontology
query model (OQM) [8] have been set to 0.6. The random-
ization test for paired data is used to compare the methods
(t indicates p < 0.01).

The training set is based on the training queries that are
used to retrieve the top-50 documents for each query. The
positive documents are the documents relevant for the query
while the non-relevant documents are considered as nega-
tives. Since the number of negative documents overwhelms
the number of positive ones, a random selection of nega-
tive documents is done to balance both classes. 5 times 2
fold cross validation [4] is used to sample the set of queries
for each data set. The results are an average of the results
obtained for each one of the partitions.

4.1 Datasets

We have used two datasets for our experiments. One con-
siders the role of a gene in a disease and the second one the
interaction of proteins. These two datasets are presented in
turn.

4.1.1 PGN-disease data set

We have used the 2005 TREC Genomics collection be-
cause there is an interest on generic topics. This collection
is made up of a subcollection of Medline, around 4M docu-
ments between years 1999 and 2004, and a collection of 50
queries. The queries in this benchmark are categorized into
five groups defined by generic topic template (GTT) *. We
have selected a set of queries which relate PGNs (proteins

"http://ir.ohsu.edu/genomics/2005protocol.html



and genes) to diseases. Queries are based on a topic tem-
plate; i.e. the role of gene X in disease Y. From the TREC
queries we have considered 20 queries related to the topic
template.

4.1.2 PPI data set

Protein-protein interaction (PPI) databases rely on either
experimental data or hand-curated analysis from the liter-
ature. Usually these systems rely on the retrieval of docu-
ments and on the extraction of relevant information in PPI
systems (e.g. BioCreative II ?). This task is relevant in the
biomedical domain.

We would like to select relevant documents that indicate
the relation between two proteins and are useful for cura-
tion. The DIP database ® deals with protein-protein inter-
action on yeast and has pointers to Medline articles. In this
database the yeast species has been more carefully curated
than any other species.

In total 260 queries are prepared. The average number
of relevant documents per query is two. The number of
queries is larger than in our previous benchmark, so more
significant results might be found. The relevance assessment
is done based on documents collected for each one of the
interacting proteins. The main difference is that the analy-
sis is done based on the full text of the documents instead
of abstracts. This means that some documents have been
annotated with many interactions, which indicates that a
high-throughput method has been used in the reported ex-
periments, and it is unlikely that relevant information is
contained in the abstract. These documents are discarded
from the set of relevant documents. The document collec-
tion contains Medline citations till September 2004, about
15M Medline documents.

4.2 Identification of topical features results

4.2.1 PGN-disease dataset results

The configuration for the PGN-disease dataset is based
on the results obtained from the relevance cleaning and re-
finement presented in [7] and [8]. From this set, the positive
and negative documents are obtained and the dataset for
the classification and feature selection processes is obtained.
In Table 1 we can see the result obtained with the classi-
fiers. The documents have been tokenized, stop words have
been removed and no stemming is applied. The Naive Bayes
classifier obtains the best result.

Algorithm | Precision Recall | F-measure
J48 0.4429 0.4055 0.3992
NB 0.5624 0.6457 0.5934
SVM 0.6235 0.3452 0.4424
K-NN1 0.2231 0.0254 0.0454

Table 1: Document categorization results for PGN

In Table 2 we find the most relevant features in every
fold. These features do not seem to be related in a general
way to the relation denoted by the topic template. We have
to remember that this dataset contains a small number of
queries and the relevant documents vary according to the

query.

http://biocreative.sourceforge.net /bc2ws/index.html
®http://dip.doe-mbi.ucla.edu/

Fold 1 Fold 2 Fold 3 Fold 4 Fold 5

disease gstml gstml apc disease
mutation polymorp... genotype polyposis transforming
129 glutathione null adenomatous mutations

onset 0 | polymorp... coli major
mutations genotype 0 gstm1 familial

alzheimer null cases gene alzheimer

lines study | gluthatione familial genetic
familial cases genes colon onset
bardl genotypes controls polymorp... patients
allele transferase allele 0 linked

Table 2: Feature selection for PGN-disease (poly-
morp... stands for polymorphisms)

In Table 3 and Figure 1 we compare the baseline based
on the categorization. As we can see, the best results are
obtained with the baseline. This was expected since the
classifiers presented above have a poor performance. This
is because the training set does not allow finding a model
that discards documents about the role of the PGN in the
disease.

Precision

Figure 1: Precision-recall curve relation refinement
for PGN-disease

TREC Rel. Retr MAP | R Prec
Baseline | 747.2/1093.6 | 0.3208 | 0.3608
Categorizer | 747.2/1093.6 | 0.2604 | 0.3033

Table 3: Refinement cleaning and categorization for
PGN-disease

4.2.2 PPI data set results

Table 4 shows the results for document categorization.
In contrast to the results for the PGN-disease data set we
see that the classifiers have a better performance. Again,
the documents are tokenized, stop words are removed and
tokens are not stemmed. The SVM classifier obtains the
best F-measure result in the cross-validation analysis.

In Table 6 we identify the tokens that are ranked by in-
formation gain in each fold. In contrast to the PGN-disease
set, the tokens are more homogeneous in the different sets.
From the list of terms, there are terms that clearly denote
an interaction like interaction, binding, complex and hybrid,
terms that are related to experiments done to verify the in-
teraction between proteins. These terms have been found
relevant in a similar study by Marcotte et al. [9] and Cohen
et al. [3]. There are less obvious terms like association that
have been found relevant in Rebholz et al. [10]. Almost all
these features seem to be linked to the positive class, mean-
ing as well that the features denoting other topics are more
difficult to identify and the sub-topic analysis for this set
may require more data than we have used.



Algorithm | Precision Recall | F-measure
J48 0.7413 0.7828 0.7605
NB 0.6827 0.9906 0.8078
SVM 0.7953 0.8483 0.8202
K-NN1 0.9611 0.1558 0.2663

Table 4: Document categorization results for PPI

In Table 5 and Figure 2 we present the result compar-
ing the baseline methods with the modified ontology query
model. The baseline methods are the co-occurrences based
on cleaning and refinement [7]. We have used the trained
SVM model to perform the boosting of documents due to its
performance in document categorization as found in Table
4.

As we can see in Table 5 and Figure 2, both approaches
perform better than the baseline. Boosting based on the text
categorizer provides a better performance. This means that
there are specific arrangements that the model produced by
the SVM captures better than the ontology query model.

Precision

Figure 2: Precision-recall curve relation refinement
for PPI

PPI Rel. Retr MAP R Prec
Baseline 189.2/317.2 0.1873 0.1534
Categorizer 189.2/317.2 | 0.23871 | 0.1993¢}
Refinement | 199.2/317.2 | 0.2140 1 | 0.1926 1

Table 5: Baseline, categorizer and refinement for
PPI

5. CONCLUSIONS

We have investigated into the topic template queries using
two different techniques; a combination of ad-hoc informa-
tion retrieval and text categorization and a query reformu-
lation approach. We have seen that with enough training
data we can effectively target relevant documents and iden-
tify terms that are typically used to identify the topic.

Furthermore, other topics could have been detected that
are not related to the query and are being used to discard
some of the non-relevant documents. This work requires the
discovery of the topics existing in the document set [1]. In
addition, proposals exist that integrate several topics based
on language modeling [13].
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ABSTRACT

We discuss the issue of evaluating highly interactive and novel
context-aware system with a methodology based on a TREC-like
benchmark. Taking as a case study an application for Web con-
tent perusal by means of context-aware mobile devices, we present
our approach to early stage evaluation, describing our aims and the
techniques we apply. Besides presenting the results obtained, we
discuss if our benchmark methodology can be an extensible and
reliable tool for the evaluation of context-aware retrieval systems.

1. INTRODUCTION

Dynamism and evolving situations have become the central ele-
ments of the environment where Information Retrieval (IR) is asked
to operate. The widespread diffusion of mobile devices and, with
them, of real-world mobile users, have moved the static world of
classical and Web IR towards an always changing context-based
world. So, the notion of context (roughly described as the situation
the user is in), and the information it conveys, are gaining increas-
ing importance for the development of new IR systems. Context-
awareness drives to a dynamic nature of the user needs, of the in-
formation available, and of the relevance of this information.

When combined with context-awareness, IR has been named
Context-Aware Retrieval (CAR) [1]. Starting from considering only
a low number of contextual features (location and time), current
CAR systems entail such an amount of data that a new challenge
for IR is how those data can enhance user satisfaction. How to eval-
uate the strategies and techniques that CAR systems use for this
purpose is another challenge. Although CAR systems imply a high
amount of interactivity with the user, and a user study seems the
most sensible approach, our approach is to evaluate highly interac-
tive and novel context-aware systems with a TREC-like benchmark
based methodology. This paper presents the results obtained and
discusses the methodology adopted.

We first briefly survey evaluation methodologies in IR and in
CAR systems (Sect. 2), introducing our case study application. We
then present our early evaluation approach (Sect. 3), describing
aims, techniques, and results. Finally a discussion on our approach
reliability and its usefulness is given in Sect. 4, while in Sect. 5 we
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draw some conclusions and present future work.

2. RELATED WORK

2.1 Context-aware retrieval and evaluation

With the spread of the concepts related to context-aware comput-
ing, IR has gained new and increasing importance. The newborn
field of CAR, instead of concentrating only on topicality, encom-
passes contextual information into the retrieval process, aiming at
discovering “the query behind the context”: to retrieve what the
user needs, even if he/she did not issue any query [9].

In the development of a CAR system for mobile environments,
evaluation plays an important role, as it allows to measure the ef-
fectiveness of the system and to better understand problems from
both the system and the user interaction point of view. In [10, 3] the
challenges for context-aware computing evaluation are illustrated:
the need to identify meaningful metrics (each single application has
peculiar aspects to be evaluated that differ from other types of ap-
plications); the difficulty to evaluate in small scale a system that is
meant to be adopted by many users; the difficulties in explicit test-
ing a novel system, meant to be integrated in everyday life and thus
invisible (as it is aimed in the ubiquitous computing field) [13].

Depending on resources and aims, different evaluation metrics
are chosen and different evaluation approaches are adopted (e.g.,
user studies and benchmark; lightweight and heavyweight [8]; etc.).
As CAR applications are strictly related to users, the user-centered
evaluation (live or in laboratory) seems the most natural one. In
[12], for example, a framework for user evaluations of ubiquitous
computing has been proposed. A detailed work about metrics for
evaluating systems for information access has been done in [11].
More recently, in AmbieSense [7], a user centered, iterative, and
progressive evaluation has been adopted combining IR evaluation
methods with human-computer interaction development techniques.

Another largely adopted evaluation methodology is benchmark
evaluation. Taking example from TREC (trec.nist.gov/)
initiative for large scale evaluation of retrieval methodologies, bench-
marks are defined by a collection of topics (expressions of user’s
information needs), a collection of resources to retrieve, and a set
of relevance judgments about those resources for each of the topics.
Within the CAR field, a benchmark evaluation has been used in our
previous work [9]: we adopted a benchmark named MREC (MoBe
Retrieval Evaluation Collection) to evaluate MoBe [2] a framework
for CAR of applications. Since several alternative implementations
for retrieval strategies were possible, it was important to compare
their effectiveness. Besides, due to the still initial stage of devel-
opment, it was not sensible to invest too many resources to get de-
tailed results and even a rough and quick evaluation was useful.

Although the user evaluation approach is usually considered the



<contextDescriptor>

<title> Heathrow airport </title>

<description>

The user has just landed at London Heathrow international airport.
He is looking at a flight timetable and at a timetable for connections
to London. It is lunch time.

</description>

<narrative> ... </narrative>

<relevance>

A Web page is relevant: it contains information about a flight, about
the means of transport to reach town, about bars and fastfoods in
the airport, or it allows to book a flight. A Web page that contains
only one of these aspects is relevant; if it contains some links to
relevant pages is partially relevant. If the judge is not able, for any
reason, to judge the page, its value is “I don’t know”.

</relevance>

</contextDescriptor>

Figure 1: A (part of a) context descriptor.

most appropriate for CAR applications, it also has some, not neg-
ligible, drawbacks when compared with benchmarks. First, it is a
high level evaluation, where the primary interest is to study how
the system satisfies the user, and on how the user evaluates the sys-
tem, rather than on how the system serves the information needs
of its users. Benchmark evaluations, on the contrary, are system
centered: they directly focus on the evaluation of implementation
details, and they can evaluate different aspects of the retrieval pro-
cess. Second, a mature prototype to test has to be implemented, in-
cluding an effective user interface. This goes against the purposes
of developers, as it forces significant implementation decisions un-
covered by evaluation. Third, user evaluation is more complex to
perform, requires more time than benchmarks, and it is more de-
pendent on users’ subjectivity. To summarize, both user evaluation
and benchmark approaches have pro and contra, and it is not the
case that one is better than the other.

2.2 The Context-Aware Browser

The Context Aware Browser (CAB) [4] is a general-purpose so-
lution to Web content fruition by means of context-aware mobile
devices. The main idea behind CAB is to empower a generic mo-
bile device with a browser able to automatically and dynamically
retrieve and load Web pages, services, and applications according
to the current context. CAB extends MoBe: whereas in MoBe the
resources being retrieved are Java Micro Edition applications, CAB
works on Web contents, exploiting a Web browser, a daily tool used
by most people.CAB acquires information related to the user and
the surrounding environment by means of both sensors installed
on the device and external servers. This information, combined
with the user’s personal history and the community behavior, is ex-
ploited to infer the user’s current context, that is represented by a
terms list. In the subsequent retrieval process, starting from this
terms list, a query is automatically built and sent to an external
search engine, in order to find the most suitable Web pages for the
sensed context. In this paper we study different strategies to build
in an automatic way the query sent to the external search engine.

3. EXPERIMENTAL EVALUATION

3.1 CREC: an incremental benchmark

The CAB application development stage is in its intermediary
phase: a large part of its components are available, but the retrieval
mechanism needs a more accurate implementation. An early eval-

uation of the strategies we would like to implement is needed, so,
considering the successful approach of MREC and the useful in-
sights obtained, we adopted again a TREC-like benchmark evalua-
tion, named CREC (CAB Retrieval Evaluation Collection). CREC
focuses on the retrieval of Web pages and starts from the results
obtained with MREC.

We were interested in the following questions: how to build in
an automatic way the queries to be sent to the external engine?
Which is the best strategy in terms of effectiveness? How does the
retrieval effectiveness change on the basis of the increase/decrease
of the number of terms in the query, or of different kinds of terms
exploited in the query? How effective is an automatic query formu-
lation when compared to a user manual search?

CREC is constituted, as usual, by three components: the state-
ments of information needs, a collection of documents, and a set
of relevance judgments. The statements of information needs are
defined by context descriptors, which represent different examples
of user’s contexts in different domains (Fig. 1). CREC includes 10
context descriptors which differ for user activities, location, time,
etc. The context descriptors have been designed in a similar way to
the topics in TREC.

The documents collection consists of Web pages. The relevance
judgments have been made by a unique judge using a four level rel-
evance scale: relevant, partially relevant, not classified, or not rel-
evant. The judgement operation is helped by the <narrative>
and <relevance> fields in the context descriptor.

Due to the evolving behavior of the Web (pages are dynamically
added, removed, or modified), we opted for a dynamic collection,
that evolves during the tests. Moreover, and more importantly, if
a new implementation of the CAB external search engine needs to
be evaluated, CREC will not contain, in general, all the retrieved
pages. Since this would make the evaluation not reliable, our ap-
proach is that the collection is not static: it will be extended by
including the newly retrieved documents, and judging them.

We built two CREC versions so far. The first version has been
constructed manually: for each context descriptor, a human opera-
tor created 5 queries to obtain the needed information in that con-
text, as if requested to do it manually. We then collected the first re-
trieved documents, obtaining about 150 single documents per con-
text. At this stage the collection was composed by 1229 pages (304
relevant, 211 partially relevant, 30 not classified and 684 not rele-
vant). Starting from this first version of the collection, we adopted
an “interactive search and judge” [5] approach to add more relevant
documents. In particular we ran some queries, automatically built
from context descriptors, and the first 10 retrieved Web pages, for
each query, have been added to the collection and judged, obtaining
its second version of 3634 pages (494 relevant, 596 partially rele-
vant, 34 not classified and 2510 not relevant). The high number of
relevant documents (contrary to a real settings where the number of
relevant documents is much lower than the number of documents
in the collection) is due to the fact that we searched for relevant
documents, and it is not a problem since we assume that unjudged
documents are not relevant. Moreover we are not interested in all
the documents, but just in the first retrieved ones.

3.2 Strategies

We designed four automatic query construction strategies. These
strategies do not exploit the whole context descriptor (as done by
the human relevance judge), but work on a simple terms list, fol-
lowing the context representation exploited in the CAB. The terms
list is automatically extracted from the <description> field by
the usual stopword removal: for instance, the context descriptor in
Fig. 1 is represented by the list “user just landed london heathrow
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Figure 2: nDCG @10 for the five strategies on all contexts.

international airport looking flight timetable timetable connections
london lunch time”. Also, strategies are based on two main in-
dexes: tfidf and geoterms (i.e., terms that refer to geographical
information). We chose tf.idf as it is a classical, well known, and
largely used metric, while we chose geoterms as location is the
contextual dimension that probably is more informative of user’s
current context. These indexes, differently combined, are used to
rank the term lists according to their importance (that will be dif-
ferent for the four strategies). For each strategy and context de-
scriptor, 10 queries of different length (from 1 to 10 terms) are
formulated, incrementally selecting the first 10 terms of the ranked
lists. The manual approach, where a mobile user directly chooses
terms and defines her query, is our upper reference strategy. In par-
ticular, for each context descriptor, 5 queries have been defined by
a human operator. The strategies have been implemented in Java
using Yahoo! as external search engine through the API provided
(http://developer.yahoo.com/search/web/).

We measure strategies’ effectiveness by means of a standard IR
metric, nDCG@ 10, chosen as it emphasizes quality at the top of the
ranked list. Moreover, nDCG @ 10 takes into consideration only the
first 10 retrieved items, which is reasonable for CAB, since the user
is unlikely to scroll long lists of retrieved items.

3.3 Results

Fig. 2 compares the four strategies, and the manual one, showing
their effectiveness (nDCG@10, on the Y axis), averaged on all 10
contexts, for different query lengths (on the X axis). Apart from
the manual one, the most effective strategy is the geo+tf.idf; Fig. 3
shows, beside its average, also min, max values and the variance. In
this strategy, first all the geoterms are added to the query, then the
other terms, ranked by decreasing tf.idf, follow. Further analysis of
the data, not reported here, shows that the maximum performance is
obtained when one tf.idf term is added after all the geoterms (each
context contains 1, 2, or 3 geoterms), then nDCG@10 decreases.
In general, the performance of long queries is very low.

All the proposed strategies have lower performances than the
manual one (higher curve in Fig. 2), therefore there is still space
for improvement. Moreover, the manual strategy has a different
behavior: its performance tends to increase with query length. If
performed by a human, a search session could improve with query
refinements that add or change terms on the basis of the knowledge
acquired by visualizing results. This is not performed by automatic
strategies that construct the query incrementally. This is probably
the reason why manual strategy has a performance improvement
the more terms are used. Moreover, it is usually the case that CREC
contexts are made up by more than one facet; this could be another
reason for effectiveness degradation with query length.

4. RELIABILITY AND EXTENSIBILITY
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Figure 3: Detailed results for the geo+tf.idf strategy.
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Figure 4: ADM values for the experiment involving J1.

We now turn to discussing the reliability of our benchmark, on

the basis of three questions.
Does judge subjectivity invalidate the reliability of our bench-
mark? Relevance judgments have been made by a unique judge
(henceforth denoted by J), using a four level scale. To verify that
results would not change with a different judge, we performed an
additional experiment, involving two more judges (J1 and J2), to
measure inter-judge agreement. Given one context descriptor, each
judge judged the first 30 pages retrieved by each strategy. The judg-
ments by J and J1 were the same on 62% of the pages. The agree-
ment between J and J2 is a slightly higher 69%. After a discussion
between judges on the pages judged in a different way, the agree-
ment grew to 90% and 95%, respectively.

In order to better understand the different judgments among judges,

we also used the ADM measure [6]. The values in the relevance
scale, relevant, partially relevant, not classified, and not relevant,
correspond respectively to the values 1, 0.5, 0.25, 0. We obtained
ADM values of 0.757 and 0.846 before the discussion, and 0.950
and 0.981 after the discussion. See Fig. 4 for a graphic represen-
tation. The X axis is J, the Y axis is J1; the figure on the left is
before discussion, that on the right is after discussion. Therefore,
subjectivity of the judge does not seem an issue for our benchmark,
that seems reliable at least to a reasonable extent.
Can our incremental approach to collection construction cope
with Web dynamics? The secondary judges J1 and J2 also manu-
ally formulated 3 different queries and judged the resulting pages.
We then counted the pages retrieved by the secondary judges but
not retrieved by the automatically constructed queries, and the rel-
evant pages. J1 retrieved 63 new and never judged pages (21 rel-
evant), while J2 retrieved 56 (34 relevant). This shows that new
pages have appeared on the Web at a fast pace or, more probably,
the initial collection was not complete.

However, the results shown in the previous section might not be
influenced by these new pages. Indeed, measuring the effectiveness



of automatic strategies over the first 10 results, we notice that these
new results usually are not in the first 10 positions of their ranked
lists: automatic strategies effectiveness, measured with nDCG@ 10,
is very similar, since the strategies retrieve documents already in the
initial collection. The dashed line in Fig. 2 shows the effectiveness
of geo+tf.idf strategy considering the new pages and judgments: it
does not change significantly.
How much effort is needed to create and update the collection?
As above said, we built two versions of the collection; to under-
stand the effort necessary to build and extend it, we performed an
additional experiment. We selected a context descriptor (not used
in the benchmark reliability experiments) and two judges (J and a
new J3) built a manual query and evaluated the retrieved pages (36
pages for person). While J3 had never done this experiment before,
J is an expert of both the domain, as he was the designer of the
contexts descriptors, and of the evaluation procedure, as he already
judged pages and he is used to the 4 level relevance scale adopted.
The average time needed for the evaluation of a page is 48.9
seconds for J and 62.6s for J3, with a standard deviation of 14.3s
for J and 32.3s for J3: the expert needs about 75% of the time
needed by the not expert to perform the new judgments. Since the
average time to evaluate a page is 55.7s and since there are 2405
different pages from the first and second version our collection, the
time to increase the collection was about 37 hours.

S. CONCLUSIONS

In this paper we have presented our approach for the evaluation
of a CAR application for the mobile environment. We evaluated
different strategies for automatic query building based on users’
current context. Despite user testing is the main evaluation tech-
nique adopted in this field, the early stage of development of our
system and the need of measuring the effectiveness of different
strategies guided us toward a TREC-like benchmark approach.

The CREC benchmark helped the development process giving
good insights (e.g., in the best strategy, the best performance ap-
pears just adding a term after the “geoterms”) and underlining weak
points (e.g., adding more and more terms in the query does not
necessarily increase performance). At the same time, at a general
extent, this approach is useful as it can simplify also the user test-
ing evaluation. For example, knowing which is the best strategy
allows us to give to users just one prototype, instead of different
prototypes, one for each strategy. Moreover, once the benchmark
is configured, it can be reused to test new strategies or related fea-
tures, in a semi-automatic way (new judgments are needed).

In this way, we have made our second step to refine a methodol-
ogy whose aim is to become a general early stage evaluation tech-
nique for retrieval processes in context-aware systems. On the ba-
sis of our experience with MREC and CREC, we believe that early
stage evaluations using a benchmark, followed by user studies, is
an effective methodology to evaluate systems like CAB. The bench-
mark does not substitute the user testing evaluation. Rather, several
early stage benchmark experiments could provide more solid basis
for the subsequent user testing, that can thus be more focused.

Future work is needed on three aspects. Since with the man-
ual strategy the effectiveness is higher, we will try to refine the
geo+tf.idf strategy to make it more effective, e.g., by removing the
constraint of incremental query construction (i.e., not requiring that
a query having a length of ¢ contains all the ¢ — 1 terms of the previ-
ous query). On a second and more general aspect, we will continue
to work on the methodology of incremental benchmark construc-
tion, to better understand its reliability and usefulness. For exam-
ple, although we did find that subjectivity and dynamics seem not
to be an issue, we did not analyze what happens when two groups

use two different versions of the evolving collection. Finally, it
would be interesting to work towards a publicly available context
test collection, containing a set of context descriptors (perhaps with
a representation different from TREC topics, and maybe including
a temporal longitudinal component as well, e.g., using Schank and
Abelson’s scripts), Web resources, and relevance judgments.
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ABSTRACT

Novelty detection is a process of spotting novel yet rele-
vant information for users. Contextual information from
relevance feedback has been successfully utilized in relevant
information retrieval systems. However, the usage of con-
textual information in novelty detection area has not been
explored too much. One possible reason is that it is more dif-
ficult to describe the novel information by some certain key
words, because any term becomes somewhat non-novel after
its first occurrence. In this paper, we propose to use some
high-level structures of words, such as number, time, loca-
tion, person name, country name, etc, to accommodate the
user’s context in novelty detection systems. A GUI (graph-
ical user interface) related to context acquiring is designed
to facilitate an efficient user preference setting. Secondly,
a rule-based novelty detection (rule-ND) algorithm is pro-
posed to utilize the acquired contextual information. More-
over, a local evaluation method is proposed to evaluate the
resulting system. The experiment show encouraging results
of our method.

Categories and Subject Descriptors
H.3.3 Information Storage and Retrieval]: Information
filtering and retrieval models

General Terms
Algorithms, experimentation

1. INTRODUCTION

Novelty detection (ND), as one step forward to the relevant
sentence retrieval, is used to spot novel yet relevant sen-
tences for users. Based on the appearance time order of the
sentences, the information that has never appeared before
is considered as “novel”. The pioneering work of ND has
been done for novel document retrieval by Zhang et al. [14].
Since it is more meaningful to spot novel sentences for the
user instead of documents only, later studies paid more at-

tentions on sentence-level novelty detection, such as those
reported in TREC 2002-2004 Novelty Track [6, 9, 8] and
those reported in other publications [1, 15]. Conventionally,
the novelty of an incoming sentence is measured based on
the occurrence of new words/terms in it.

Recent studies suggested several ways to improve the per-
formance of novelty detection by integrating various nat-
ural language processing (NLP) techniques, such as part-
of-speech (POS) tagging, named entity recognition (NER),
WordNet, etc [13, 4, 2]. These NLP techniques facilitate
the usage of additional contextual information, beyond the
simple strategy using a-bag-of-words in novelty detection,
but succeed of these methods still depends highly on how
the system utilizes the additional information. One prob-
lem here is these methods utilized the contextual informa-
tion implicitly, without responding to the user’s preference.
In an interactive novelty detection system, the user’s pref-
erence about retrieved novel information is accessible and
therefore, needs to be considered in the ND process.

This paper attempts to bridge a gap between the explicit
user’s preference and the advance of contextual information,
by answering three questions: (i) what aspects of the user’s
context can be acquired and how to guide the user to inter-
act with system efficiently? (ii) how could we utilize the
acquired contextual information in novelty detection sys-
tem? and (iii) how could we evaluate the effectiveness of
the resulting system?

This paper is organized as follows. Section 2 analyzes the
user context in ND system and the corresponding GUI de-
sign. Section 3 introduces a rule-based novelty detection
(rule-ND) algorithm to utilize the acquired contextual in-
formation. The experimental study is presented in Section
4. Some concluding remarks are given in Section 5.

2. USER CONTEXT IN ND SYSTEM

In previous studies, contextual information accessed through
relevance feedback has been successfully utilized for query
expansion in relevant information retrieval [5, 3, 7]. In this
case, the user may either provide the relevance feedback for
documents/passages [5, 11, 12] where the useful terms are
extracted, or select the key terms directly [10].

In novelty detection, however, accessing the context infor-
mation through user feedback has not been explored too



much. One possible reason is that it is much more difficult
to describe the novel information using key words. In rele-
vant document/passage retrieval, if “football” is selected as
a key word by the user, documents/passages with “football”
are more likely to be retrieved by a search engine. But in
novelty detection, the user cannot always use “football” as
novel term because any term becomes somewhat non-novel
after its first appearance.

Instead of terms feedback, which is impractical in the ND
system, the high-level structures of terms such as number,
time, location, person name, country name, etc are sug-
gested in this paper. These high-level structures that show
very natural aspects of information can be easily understood
by the user and facilitate user context feedback in novelty
detection. For example, readers of financial news may be
more sensitive to different numbers. Given a pair of sen-
tences s1 and sz where s; is the nearest history sentence
of s2, s contains novel information because they include
different number information, i.e. US$50 and US$48.

Example 1:
s1: Now the oil price is US$50/barrel.
s2: Now the oil price is US$48 /barrel.

However, s2 may be predicted as non-novel by the conven-
tional ND system because it is very similar to s, according
to the similarity score calculated by cosine similarity [1].

Since a specific topic usually contains many aspects of in-
formation, the system allows the user to feedback their pre-
ferred aspects of novel information simultaneously, and hence
to describe their contexts more completely. Accordingly, in
GUI design, we use check-box with different aspects of in-
formation, as shown in Figure 1.

| prefer novel sentences including:
/] New Number
[J New Time Information
m New Location Information
] New Person Name

[ New Country Name

Figure 1: Snapshot of GUI for additional contextual
information.

This snapshot of GUI is an initial design, where more op-
tional aspects of novel information can be appended. More-
over, the user is able to specify his/her context for each topic
separately via GUI.

3. INTERACTIVE NOVELTY DETECTION
SYSTEM
3.1 Background of ND

In ND, the novelty of a sentence can be quantitatively mea-
sured and scored by a novelty metric. The most popular nov-
elty metric, i.e. cosine similarity (see [1]), is adopted. This
metric first calculates the similarities between the current
sentence s; and each of its history sentences s; (1 < i < ¢—1).

Then, the novelty score is simply one minus the maximum
of these cosine similarities, as shown in Eq. (1).

Neos(se) =1 — 151?2351608(8“80 (1)
cos(st, s1) = 2y wi(st) - wk(si)
o lIsell - [[sill

where Neos(s) denotes the cosine similarity score of the sen-
tence s and wy,(s) is the weight of k" element in the sentence
weighted vector s. The term weighting function used in our
work is tf.isf (term frequency multiply inverse sentence fre-
quency) as defined below.

n+1 ) @)

S fuw, +0.5

tfw,,s; is the frequency of the word wy in the sentence s;;
5 fuw, is the number of sentences, in which the word wy ap-
pears in the collection; n is the number of sentences in the
collection.

’I,Uk(sz) = tfu/k,silOg (

The final decision on whether a sentence is novel or not
depends on whether the novelty score falls above or below
a threshold. This document will be pushed into the history
document list.

3.2 Rule-based ND

Incoming
m Graphic Sentences
== User N

Interface
St On-Topic
(s Number
Number of St i
Number and Location o | Context » List
Extractor | | ocation of St | , On-Topic

Location
List

Predict as
Novel

A

Figure 2: An interactive system with the user’s pref-
erence of “number” and “location”.

Figure 2 shows the framework of an interactive ND sys-
tem with the user’s preference of “number” and “location”.
This proposed system has a cascade framework, where the
original ND algorithm classifies novel sentences at the first
layer. The rule-ND algorithm retrieves the novel informa-
tion missed by the original ND system at the second layer,
based on a set of rules. In this system, any new incoming
sentence s; will be predicted in 4 steps, i.e.

step 1: Record the corresponding context information spec-
ified by the user, if any.

step 2: Run the original ND on s;. Go to step 3 if the ND
prediction is “non-novel”, step 4 otherwise.

step 3: Run rule-ND on s;. Go to step 4 if the rule-ND
prediction is “novel”.

step 4: Predict s; as novel.



3.2.1 Number Information Extraction

To keep this paper short, we only illustrate the rule-ND
involving different numbers. Unlike other named entities,
numbers themselves are not that meaningful. Therefore, the
first word after the number is also accessed by rule-ND using
POS Tagging, while only those numbers in conjunction with
noun (e.g. player, mile, etc) or cardinal number (e.g. billion,
million, etc) are recorded as active terms. For example, “30
people”, “42 millions” will be recorded and compared in rule-
ND, instead of “30” and “42” only. Other named entities such
as time, location, person and country show enough useful
information and need not use some additional information.

3.2.2  One-To-One vs. One-To-All Comparison

After number extraction, rule-ND also compares the incom-
ing sentence with its history sentences but predicts based
on predefined rules. There are two strategies in sentence
comparison, i.e. one-to-one and one-to-all comparison. The
number-rule using one-to-one sentence comparison is defined
as below.

Number-rule-one2one: highly similar s; and s have
different NUMBER + same NOUN =>so, is novel

Using this rule, the sentence s2 in Example 1 can be pre-
dicted as “novel”. However, we found that the novel NUM-
BER+NOUN term will have already occurred in other on-
topic history sentences, i.e. the context of sa. Therefore,
we accumulate all NUMBER+NOUN terms appeared in the
history sentences, and propose an alternative rule, called
number-rule-one2all, as below.

Number-rule-one2all: satisfy number-rule-one2one

AND s> has different NUMBER + NOUN term compared with

on-topic number terms in history => sy is novel

The experimental result on TREC 2004 Novelty Track data
shows that number-rule-one2all always outperforms number-
rule-one2one in various situations. We also compare these
two strategies in the original ND on the same data and get
some interesting results: (i) The one-to-one sentence com-
parison largely outperformed one-to-all sentence comparison
in the original ND. This indicates that one-to-one sentence
comparison may be more effective for ND in regular situa-
tions, i.e. moderate similarities between sentences. (ii) One-
to-all sentence comparison is more effective in rule-ND. This
indicates that one-to-all sentence comparison may be more
effective for detecting novel information in highly similar
sentences. Obviously, one-to-all comparison strategy con-
ducts a tighter criterion for novel sentence retrieval. This
result shows, for highly similar sentences, the tighter crite-
rion is necessary because only very significant novel terms
will make a highly similar sentence novel.

3.2.3 How to Define Highly Similar Sentences

Another important issue is how to define the highly simi-
lar sentences. Rule-ND is attempted to retrieve the novel
sentences that are missed by the original ND algorithm, as
shown in Figure 2. According to the novelty threshold 6
in the original ND, the simplest way to define the so-called
“highly similar sentences” is let the high similarity threshold,
p, equal to 1 —0, i.e. all the sentences predicted as non-novel

sentence in the original ND are regarded as “highly similar
sentences”. We can also vary the high similarity threshold p
from 1 — 6 to 1, to get a stricter standard of high similarity
and a smaller number of highly similar sentences.

4. EXPERIMENTAL STUDY

4.1 Data & Evaluation Issue

TREC 2004 Novelty Track data [8] are used as the experi-
mental data here. This data are developed from AQUAINT
collection. The NIST assessors created 50 topics for this
data. For the evaluation of novelty detection systems, the
novel sentences selected manually by the NIST assessor were
considered as the truth data. In this experiment, we follow
to use the evaluation measures proposed for TREC Novelty
Track [8], i.e. set-based recall, precision and F score aver-
aged across all 50 topics in this data. Let M be the number
of matched sentences, i.e., the number of sentences selected
by both the assessor and the system, A be the number of
sentences selected by the assessor, and S be the number of
sentences selected by the system. Then sentence set recall
is M /A and precision is M/S. The F score is a function of

S _ 2xPxR
precision (P) and recall (R), defined as F' = =55~.

In fact, rule-ND (with number-rule) may only affect the
predictions of sentences that involve numbers. In order to
clearly observe the effectiveness of rule-ND, we use a local
evaluation method, i.e. we still run the original ND and rule-
ND on all sentences, but calculate the set-based recall, preci-
sion and F-score in the selective pool of sentences involving
numbers. The local evaluation method can be generalized
to other rules, by using different selective pools of sentences
involving different types of named entities. The statistics of
TREC 2004 Novelty Track data are summarized in Table 1.

Table 1: Statistics of TREC 2004 Novelty Track
Data

All sentences in ~ Sentences involving

TREC 2004 data numbers
# Relevant 8343 2558
# Novel 3454 1081
N/R 41.4% 42.3%

4.2 Result

In this experiment, rule-ND (with one-to-all sentence com-
parison) algorithm is compared with the original ND algo-
rithm. Since in rule-ND, one-to-all sentence comparison al-
ways outperforms one-to-one, we omit the later result.

In this experiment, we vary both novelty threshold 6 in the
original ND and the high similarity threshold p in rule-ND.
The experimental result is shown in Table 2. From this
table, We can observe that:

e Rule-ND performs better with a lower p. The best
result of rule-ND for each run is obtained when p is
set to 1-0 (shown in boldface in Table 2).

e Rule-ND improves recall 1.5% to 5% with little loss of
precision (around -0.2%).



Table 2: Rule-ND vs. Original ND on TREC 2004 Novelty Track Data

Algorithm Parameter Settings Precision  Recall  F-Score

Runl Original ND 0: 0.45 0.5132 0.9078  0.6343
Rule-ND 0: 0.45; p: 0.55 0.5116 0.9234 0.6370
(Number-rule-one2all)  6: 0.45; p: 0.60 0.5112 0.9135  0.6346
p=[0.55, 1] 0: 0.45; p: 0.70 0.5114 0.9112 0.6340

0: 0.45; p: 0.80 0.5137 0.9100  0.6354

Run2 Original ND 0: 0.55 0.5606 0.7772  0.6220
Rule-ND 0: 0.55; p: 0.45 0.5586 0.8063 0.6314
(Number-rule-one2all)  6: 0.55; p: 0.55 0.5571 0.7928  0.6259
p=[0.45, 1] 0: 0.55; p: 0.60 0.5575 0.7829 0.6225

0: 0.55; p: 0.70 0.5580 0.7806  0.6218

0: 0.55; p: 0.80 0.5610 0.7793  0.6232

Run3 Original ND 0: 0.65 0.6095 0.5212  0.5227
Rule-ND 0: 0.65; p: 0.35 0.5997 0.5706 0.5507
(Number-rulel-one2all)  6: 0.65; p: 0.45 0.5978 0.5503  0.5398
p=[0.35, 1] 0: 0.65; p: 0.55 0.5961 0.5368  0.5321

0: 0.65; p: 0.60 0.5998 0.5269 0.5263

0: 0.65; p: 0.70 0.6009 0.5246  0.5249

0: 0.65; p: 0.80 0.6096 0.5234  0.5252

This experimental result of rule-ND is quite encouraging.

5. CONCLUSIONS & FUTURE WORK

This paper addressed the problem of accessing context in-
formation in novelty detection. Unlike relevant information
retrieval, it is impractical to do the novelty feedback using
key words, because any word becomes somewhat non-novel
after its first appearance. Therefore, we proposed to use
some high-level structures of words, such as number, time,
location, person name, country name, etc, to accommodate
the user’s context in novelty detection systems. An interac-
tive novelty detection system with a cascade structure was
proposed. This system first performed original ND. Then,
rule-ND algorithm was performed to retrieve novel informa-
tion missed by the original ND based on the user’s context.
The experiment on TREC 2004 Novelty Track data showed
that our method can improve recall 1.5% to 5% with little
loss of precision (around -0.2%).

In our future work, we will further investigate the perfor-
mance of the rule-ND system by using various individual or
mixed types of named entities. The GUI for novelty feed-
back will be further improved by automatically annotating
the named entities from a piece of text highlighted by the
user, which may be more convenient and practical for the
user.
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ABSTRACT

Query personalization algorithms intend to deliver the most rele-
vant data to each user according to their profiles. Validating effi-
ciency and relevancy of such algorithms still remains a very diffi-
cult task as it requires a scalable dataset, a bunch of user profiles
and queries and possibly user feedbacks. At the best of our
knowledge, there is not a reference benchmark devoted to the
validation of such algorithms. In most of the published papers,
validation of personalized queries is done through ad hoc bench-
maks whose features are not given and which are generally not
provided to other authors to perform similar evaluations. In this
paper, we present a benchmark for query personalization which
aims to be a reference to validate query personalization systems.
The benchmark is based on a large test bed derived from MovieL-
ens and IMDb datasets, and provides, besides the data set itself, a
large sample of queries and users as well as their corresponding
good results.

1. INTRODUCTION

Query personalization is one of the main solutions to improve data
relevance in information retrieval and database systems. Before
being executed, user queries are reformulated on the basis of user
profile preferences. This allows targeting user’s domain of interest
and thus delivering pertinent results and reducing result size.

In order to measure the relevance of results, we need to compare
delivered results with those effectively preferred by users. In other
words, we need a reference data set that contains several queries
and the corresponding sets of query results that are relevant for
each user. In this way, we can quantitatively evaluate the behav-
iour of a personalization algorithm using metrics such as preci-
sion, recall, result size, performance, etc.

In this paper we describe the construction of a benchmark for
query personalization. There exist several benchmarks among
which we can cite the TPC benchmarks for database server per-
formances [9] or the TREC benchmarks for information retrieval

@alcatel-lucent.com

mok@prism.uvsq.fr

systems [8]. However, as far as we know, there is no benchmark
providing a validation framework to query personalization algo-
rithms, at least in the database domain. A benchmark for query
personalization should also manage different users and their pref-
erences. Specifically, they should provide a large database, a set
of users, a set of queries and the reference results associated to
each user and query, i.e. they should provide collections of triplets
{(query, user) > results}.

Obtaining such reference results is very costly because it involves
asking users to explicitly evaluate query results. The TREC
benchmark [8] was built in this manner and the task lasted several
years. In addition, there was no notion of user profile in TREC,
but users divided the task of judging if documents were pertinent
or not in a global manner. For the proposed benchmark, instead of
asking a set of users to manually classify query results according
to their preferences and feelings, we reuse ratings already ex-
pressed by real users and published on the Web.

Our dataset is derived from two public databases, i.e. MovieLens
[1] and IMDb [5]. Both databases deal with data about movies.
The IMDb database contains rich information about films, actors,
directors, the places where they are produced, their budgets, their
categories and the average rank given by the users who had evalu-
ated them. The MovieLens database contains very few informa-
tion about films but provides a huge amount of evaluations given
by users who have seen these films. The two databases are com-
plementary as they almost target the same movies (actually the set
of films referred in MovieLens is a subset of those referred in
IMDDb). The main advantage of using these databases is their large
volume of data, which is freely available through Internet. In addi-
tion, movie data is very easy to understand, to use and to analyze.

The construction of the benchmark proceeds in three phases, as
illustrated in Figure 1. The first phase consists in extracting, trans-
forming and loading movie data from IMDb and MovieLens. The
second phase consists in generating a set of queries and deriving
the corresponding “good” results for each user. This can be done
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Figure 1 — Benchmark construction process




thanks to the content originated from MovieLens which provides
a large set of user evaluations on different films they have seen.
The benchmark database contains several thousand queries and
users, and several millions reference results. The third phase con-
sists in selecting the users and queries that are worth to be tested
in a particular type of test. This selection is particularly necessary
as the execution of the whole set of queries for the whole set of
users necessitates tens of years although limiting the query evalua-
tion process to a few seconds. Actually, the benchmark database
serves as a basement to generate several specific benchmarks with
different features, depending of the evaluation goal.

This paper describes the construction of the benchmark and its use
for query reformulation. Section 2 describes the procedures for
extracting and integrating IMDb and MovieLens data, for generat-
ing a set of queries, and for obtaining the reference results for
each pair (query, user). Section 3 presents an example of use of
the benchmark, illustrating the generation of user profiles and the
comparison of results for a particular type of tests. Finally, Sec-
tion 4 presents our conclusions.

2. BENCHMARK DESIGN

This section describes the challenges, the difficulties and the
strategies used to define the benchmark.

2.1 Data Acquisition

The first phase consists in extracting, transforming and integrating
IMDb and MovieLens data in order to build a relational database
about movies, which includes movie descriptions and user ratings.

MovieLens data set consists of 3 text files, with tabular format,
describing 1.000.209 anonymous ratings of 3.883 movies made by
6.040 MovieLens users. IMDb data set consists of 49 ad-hoc text
files, called lists, which record different details about movies. At
October 2006, list sizes varied from 25.000 to 5.000.000 tuples
about more than 850.000 movies. We extracted data from 23 lists,
representing the most relevant tabular features about movies.

For both data sets, data extraction consisted in several tasks in-
cluding loading of text data into a relational database, transforma-
tion and normalization of data types, standardization of codes,
filtering of inconsistent values and duplicate elimination. The
matching of MovieLens and IMDb movie titles (which identify
movies) was the most difficult task in the construction of the inte-
grated database.

The integrated schema consists in 52 tables describing movies,
companies and persons related to movies as well as the users that
evaluated movies. It includes 1 table listing movies, 1 table con-
taining user evaluations, 3 tables describing users, 20 tables de-
scribing movie features (e.g. genres), 23 tables relating movies to
features and 4 auxiliary tables. We refer the interested user to [6]
for further details on data acquisition.

2.2 Generation of Queries

In order to build the benchmark database we need to build a set of
queries and the reference results for each pair (query, user). In-
stead of asking users to manually classify query results according
to their relevance, we reuse movie ratings already given by
MovieLens users. Specifically, each tuple of the / UserRatings
table of the integrated database corresponds to an evaluation of a
movie, registered by a user, indicating a rating (in a 1-5 star
scale).

As ratings qualify movies, we generate a set of queries returning
movies, which are lately compared to the movies having a high
user rating. Queries have a star-like form:

SELECT I_UserRatings.movieid
FROM I UserRatings, <additional tables>
WHERE <filtering conditions> AND <join conditions>

Note that instead of selecting movies from the whole set of mov-
ies, we consider as space of solutions, the ones that the user has
already evaluated (i.e. the I UserRatings table). In this way, que-
ries return only movies whose ratings are already known. We join
the I UserRatings table with some tables describing movie fea-
tures and we add some filtering conditions on such features.

Filtering conditions are predicates of the form feature operator
value, where operator € {=,<,2}, and value ranges in the domain
of a movie feature. We randomly select a small number of predi-
cates (from 1 to 5) for each query, which avoids generating mon-
ster queries that returns no data. However, the randomness of the
selection allows obtaining result sets of different sizes, ranging
from almost empty sets when queries have several restrictive
predicates to almost all data when queries have few non-restrictive
predicates. The additional tables are those referenced in the predi-
cates and those necessary to join them to the / UserRatings table.
Details on query generation can be found in [7].

2.3 Computation of Reference Results
As the rating of each movie is known, we can easily build the set
of reference results, i.e. those movies rated with 3, 4 or 5 stars.

Actually, we partition the I UserRatings table into two subsets: (i)
training set, available for the generation of user profiles, and (ii)
test set, available for executing queries and measuring personal-
ization results. This partitioning allows personalization algorithms
to learn user preferences and derive user profiles without biasing
the test results. To avoid side effects generated by the arbitrary
choice of these two subsets, the process has been repeated for
several subsets, randomly generated from the original dataset.

In order to compute partitions, five random attributes were added
to the I UserRatings table (namely, C1, C2, C3, C4 and C5), each
one randomly filled with an integer between 0 and 9. Therefore,
the test set is described by a condition on the values of one of the
Ci attributes (1<i< 5). We also parameterize the rating above
which a film is considered to be good (from 3 to 5).

Consequently, in order to execute a query for a given user accord-
ing to a partitioning and rating strategy, the query is restricted
with three conditions on the I UserRatings table: (i) a TestSet-
Condition of the form Ci<N, 1<i< 5, 0SN<9, (ii) a RatingCondi-
tion of the form rating >V, 3<V<5 and (iii) a UserCondition of
the form userid=U, 1<U<6040. As an example of restricted que-
ries consider:

SELECT I UserRatings.movieid

FROM 1 UserRatings, I MovieCountries

WHERE 1 UserRatings.movieid =I_MovieCountries.movieid
AND I_MovieCountries.country = ‘France’

AND Ci<N AND userid = U AND rating > V;



2.4 Experiment and statistics

The benchmark was developed and stored in an Oracle 9i data-
base. Preprocessing and parsing procedures where implemented in
Java, loading was performed with the SQL-Loader utility and the
remaining procedures where implemented in PL-SQL (stored
procedures). In this section we describe some results and statistics
obtained from the execution of those procedures, specifically, we
describe parameter setting and we analyze the generated queries
and their result sizes.

2.4.1 Setting parameters

As previously argued, we aim at generating different partitioning
and rating strategies in order to obtain unbiased experimental
results. We tested different parameters discarding those that pro-
duced too few tuples in the test set (e.g. when setting ‘rating = 5”).

We kept the 20 strategies shown in Table 1 (they are packed by 5,
for 1 <1i < 5). These strategies combine two test set sizes, with
approximately 50% (Ci=5) and 70% (Ci=3) of tuples respectively,
and two rating conditions (rating > 3 and rating > 4). Table 2
shows the average number of good ratings in the test set per user
and type of strategy.

Table 1 — Combination of partition and rating strategies

Strategy id | Test set cond. | Rating cond.
1-5 Ci>5 Rating > 3
6-10 Ci>5 Rating > 4
11-15 Ci>3 Rating > 3
16-20 Ci>3 Rating > 4

Table 2 —Average number of good ratings in the training set
per user and type of strategy

Test cond | All ratings | Rating>3 | Rating>4
Ci>3 116 96 66
Ci>5 83 69 48

2.4.2 Obtained queries

Having set parameters, we proceeded to execute the query genera-
tion procedures. We obtained an initial set of 622.061 predicates
for all queries, from which we randomly selected from 1 to 5
predicates per query. We generated 6040 queries and we added a
query with no predicates. After generating queries, we executed
them over several test sets (for all users) and we measured the size
of the obtained results. Figure 2 illustrates result sizes for one
particular strategy (with test size=70% and rating>3). We took
two measures: the average of user’s result sizes, and the maximum
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result size (for the user obtaining the most of results). Note that
most queries returns less than 20 tuples in average but they return
more results for some users. Further details can be found in [7].

3. AN EXAMPLE OF BENCHMARK USE

The benchmark presented in the previous section can be used to
evaluate various personalization approaches. This section shows
its use for evaluating query reformulation approaches.

3.1 Query Reformulation Approaches

Query reformulation applies to the context of mediation systems.
It consists in reinterpreting the user intention, expressed in his
initial query, into a more complete query, considering at the same
time the user profile and the descriptions of the data sources.
Thus, query reformulation integrates two complementary tasks: (i)
query enrichment which consists in integrating user profile con-
tent in the user query and (ii) query rewriting which transforms a
query expressed on the virtual schema in expressions (rewritings)
expressed on the data sources.

We evaluated three query reformulation approaches, proposed in
[3]. Two of them are compositions of existing algorithms for
query rewriting [2] and query enrichment [4]. They differ in the
order of application of the rewriting and enrichment algorithms.
The third approach is an interleaving of the two previous ones.

In order to evaluate and compare these query reformulation tech-
niques, we adapted the benchmark presented in the previous sec-
tion. Next sub-section presents the benchmark refinement process.

3.2 Benchmark Refinement

The query reformulation approaches require the presence of a
distributed system and the availability of predicate-based user
profiles. In order to fulfill these requirements, the benchmark have
been refined by simulating a distributed system and by extracting
profile predicates from the users’ training sets.

To simulate a distributed environment, the integrated schema of
the benchmark is taken as global schema. Then 52 views have
been manually defined over this global schema in accordance with
the following assumptions: (i) views should provide all data con-
tained in the integrated database, assuring no information loss, (ii)
views schemas should overlap, generating some redundancy in
order to measure the capacity of an approach to select only rele-
vant data sources, and (iii) some views definitions should contain
selection predicates enabling to check if a reformulation approach
selects data sources which are able to better satisfy the user pref-
erences . Each view is considered as being a separate data source.
User profiles are constructed as sets of predicates that state user
preferences on movie features. Profile predicates have the form
feature=value, where value ranges in the domain of the movie
feature. For example, a certain user may prefer movies spoken in
French or action movies; which is expressed by the predicates:
Language = French, Genre = Action.

In order to extract a user profile from a set of user evaluations
(those of the training set), we look for common features of the
evaluated movies. For example, if most of the movies to which the
user has assigned a great rating are filmed in France, we deduce
that the user prefers movies filmed in France, and we propose the
predicate LocationCountry=France.



We generated a large set of predicates where each predicate is
associated with a weight representing the percentage of evaluated
films that satisfy it. Weights allow conforming more or less re-
strictive user profiles by choosing the predicates with higher
weights or accepting predicates with lower weights. Weighted
predicates have the form <table.attribute operator value
(weight)> where: table and attribute refer to an attribute of a table
of the integrated schema (referencing a movie feature), value is an
clement of the attribute domain, operator € {=<<>2>} and
weight represents the percentage of the evaluated films that satisfy
the predicate. Examples of weighted predicates are
“I_MovieLanguages.language = English (80)” and
“I_Countries.continent = Europe (25)” which can be interpreted
as among the films the user has evaluated, 80% are spoken in
English and 25% have been filmed in Europe.

3.3 Query and Profile Selection

The execution of the whole set of available queries using the
whole set of generated profiles necessitates tens of years although
limiting the query reformulation process to a few seconds. Thus,
the evaluation was performed on a subset of queries and profiles.

The main parameter which is taken into account for query selec-
tion is the response time of the query reformulation algorithms.
Query rewriting is the most time-consuming phase of the reformu-
lation process. According to [2], the response time of query re-
writing algorithms depends on several parameters such as the
number of virtual relations in the query, the schema type, the
number of sources, the number of variables in the source schemas,
etc. Most of these parameters do not vary in our benchmark; the
only variable parameter is the number of virtual relations in the
queries. We made some preliminary tests which shown that query
rewriting takes about 1 minute for queries expressed on 9 virtual
relations and more than 10 minutes for queries with 10 relations.
As query reformulation is usually a real time process, we limited
its response time to 1 minute. In addition, to enable the expansion
of a query with additional virtual relations during query enrich-
ment, we restricted to queries expressed on at most 5 virtual rela-
tions. Thus, a total of 13 queries was selected for the tests includ-
ing the only available query expressed on 1 virtual relation and 3
queries for each other configuration (i.e. expressed on 2, 3, 4 and
S virtual relations).

The selection of a subset of users (and their profiles) is guided by
the following requirements: (i) a user test set should be large
enough to get significant number of results when executing the
queries on it, (ii) the predicates of a user profile should be ex-
pressed on different attributes (to simplify the query enrichment),
(iil) profile predicates should have weights superior or equal to
80, and (iv) a user should have enough predicates to allow con-
sidering profiles with different cardinalities. To satisfy these re-
quirements, we applied several filtering steps. First, users whose
test set contain less than 100 movies have been pruned. Second,
for each profile we pruned all predicates expressed on the same
attribute but the one with the highest weight. Finally, only predi-
cates which weights are superior or equal to 80 were selected. The
filtering resulted in 747 profiles having from 2 to 10 predicates.
For our tests we selected the 2 available profiles containing 10
predicates and 3 profiles containing 9 predicates. Each profile was
then used to produce two new profiles by randomly selecting 3
and 6 of its predicates. Thus, the refined benchmark contains a
total of 15 user profiles (3 profiles per user).

The benchmark allowed to compare the three query reformulation
approaches and to highlight the contexts where each one performs
better. Evaluations show that introducing personalization into
query reformulation improves the precision of the obtained results
but increases response time and can lead to the loss of relevant
results. A more complete description of the tests and the obtained
results can be found in [3].

4. CONCLUSIONS

This paper proposes a benchmark for query personalization based
on movies rated by real users. The benchmark database includes a
large set of users, queries and reference results.

The benchmark can be refined to support the evaluation of various
personalization approaches. We showed an example of refinement
that we used for comparing three query reformulation approaches.
In this example we generated simple user profiles. The benchmark
can also be used for testing and comparing profile generation
algorithms, both for individual users and communities. Our hope
is that this platform serves as a reference test in the database
community in order to federate the sparse evaluations around a
common data set as done for example in the TREC protocol.

A detailed description of the APMD-Workbench can be found at:
http://apmd.prism.uvsq.fr/SubProject4/TestPlatform/ ([10]).
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