
Informatik. Forschung und Entwicklung manuscript No.
(will be inserted by the editor)

Query Expansion Methods for Collaborative Information Retrieval

Armin Hust

e-mail: armin.hust@a-z-technology.de

Received: date / Revised version: date

Zusammenfassung Information Retrieval Systeme ha-
ben in den letzten Jahren nur geringe Verbesserungen
in der Retrieval Performance erzielt. Wir arbeiten an
neuen Ansätzen, dem sogenannten Collaborativen Infor-
mation Retrieval (CIR), die das Potential haben, starke
Verbesserungen zu erreichen. CIR ist die Methode, mit
der durch Ausnutzen von Informationen aus früheren
Anfragen die Retrieval Peformance für die aktuelle An-
frage verbessert wird. Wir haben ein eingeschränktes
Szenario, in dem nur alte Anfragen und dazu relevante
Antwortdokumente zur Verfügung stehen. Neue Ansätze
für Methoden der Query Expansion führen unter diesen
Bedingungen zu Verbesserungen der Retrieval Perfor-
mance.
Schlüsselworte information retrieval – text mining –
query expansion – collaborative information retrieval

Abstract The accuracy of ad-hoc document retrieval
systems has reached a stable plateau in the last few
years. We are working on so-called collaborative infor-
mation retrieval (CIR) systems which have the poten-
tial to overcome the current limits. We define CIR as a
task, where an information retrieval (IR) system uses in-
formation gathered from previous search processes from
one or several users to improve retrieval performance for
the current user searching for information. We focus on
a restricted setting in CIR in which only old queries and
correct answer documents to these queries are available
for improving a new query. For this restricted setting we
propose new approaches for query expansion procedures.
We show how CIR methods can improve overall IR per-
formance.
Key words information retrieval – text mining – query
expansion – collaborative information retrieval

Subject Classification H.3.3

1 Introduction

We introduce the research area of Collaborative Infor-
mation Retrieval (CIR), motivate and characterize the
primary goals of this work, query expansion procedures
for CIR, and outline the structure and contents of this
work.

1.1 Information Retrieval

Although Information Retrieval has now been studied
for decades there is no clear and comprehensive defini-
tion for Information Retrieval.

A newer definition, according to the IR-group of the
German Informatics Society [9], states that ”IR consid-
ers information systems according to their role in the
knowledge transfer process from a human knowledge pro-
ducer to an information seeker. The problems arising
from vague queries and uncertain knowledge are the main
focus of the IR-group. Vague queries are characterized
by the fact that answers to these queries are a priori
not uniquely defined (...). The uncertainty and/or the
incompleteness of the knowledge often results from a re-
stricted representation of its semantics, since the repre-
sentation of the knowledge is not limited to some spe-
cial forms (e.g. text documents, multimedia documents,
facts, rules, semantic nets). Additionally IR considers
applications where the stored knowledge itself may be
uncertain or incomplete (e.g. technical or scientific data
sets)” and states that ”From these problems the neces-
sity for an evaluation of the quality of the answers of an
information system arises, where the utility of the sys-
tem according to the support for the users with respect
to solving their problems has to be considered.”

This definition is very general. It stresses the vague-
ness and uncertainty of stored knowledge and queries. It
also stresses the utility of the retrieved information for
the users, helping them to solve their problems. Utility
is an idea introduced by the von Neumann-Morgenstern
utility theory [33] and is closely connected with their
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idea of preference relations, both of which come from
the field of economics.

An example illustrates the different preference re-
lations users may have. A physician, a chemist and a
lawyer may query an IR system for information about
the medicament ”Lipobay” or its American name ”Bay-
col”. While the physician may be interested in medica-
tion, indication and contra-indication, the chemist may
by interested in chemical structure and undergoing reac-
tions of the active ingredient; the lawyer may be inter-
ested in legal cases, lawsuits, court decisions and com-
pensations. It is clear that each of these users has his or
her own personal preferences as to which documents an
IR system presents in response to the query.

Another research area overlapping with the IR area is
the usage of context knowledge for a more detailed spec-
ification of the information need. Because queries can
be vague, it might be possible to use knowledge about
the context the user is working in to influence the query
processing and achieve better retrieval results. Some of
the aspects of the user’s context (according to [11]) are:
which tasks the user is busy with at the time of the query,
which documents have been viewed within the last few
minutes, which document is currently being processed
by the user. Research in this area integrates modelling
and representation of the context information, and inte-
grates this information into the IR processes.

1.2 Collaborative Information Retrieval

The ultimate goal in IR is finding the documents that
are useful to the information need expressed as a query.
Much work has been done on improving IR systems, in
particular in the Text Retrieval Conference series (TREC)
[30]. In 2000, it was decided at TREC-8 that this task
should no longer be pursued within TREC, in particular
because the accuracy has plateaued in the last few years;
then in TREC-2003, the HARD-Track and the Robust
Retrieval Track have been included again with similar
goals as the prior ad-hoc track. We are working on new
approaches which learn to improve retrieval effectiveness
from the interaction of different users with the retrieval
engine. Such systems may have the potential to overcome
the current plateau in ad-hoc retrieval.

We call our approach Collaborative Information Re-
trieval (CIR). CIR on top of an IR system uses all the
methodologies that have been developed in this research
field. Moreover, CIR is a methodology where an IR sys-
tem makes full use of all the additional information avail-
able in the system, especially

– the information from previous search processes, i.e.,
individual queries and complete search processes

– the relevance information gathered during previous
search processes, independent of the method used
to obtain this relevance information, i.e., explicitly
by user relevance feedback or implicitly by unobtru-
sively detected relevance information.

The collaborative aspect here differs from other col-
laborative processes. We do not assume that different
users from a working team or a specific community col-
laborate loosely or tightly through some information ex-
change or workflow processes. Instead, we assume that
users can benefit from search processes carried out at for-
mer times by other users (although those users may not
know about the other users and their search processes)
as long as the relevance information gathered from these
previous users has some significant meaning.

Subject to these assumptions we expect that collab-
orative searches will improve overall retrieval quality for
all users.

However, the methodology and methods described in
this paper can not stand alone; a practical application
should also consider these fields of ”personalization” and
”context” (as described in section 8.2.1).

1.3 Delimitation of Collaborative Information Filtering

The objective of information filtering (IF) is to clas-
sify/categorize documents as they arrive in the system.
IF makes decisions about relevance or non-relevance ra-
ther than providing a ranked output list. In IF, the
document collection can be seen as a stream of doc-
uments trying to reach the user, and unwanted doc-
uments are removed from the stream. The collabora-
tive approach, called Collaborative Information Filter-
ing (CIF) takes into account user preferences of other
”like-minded” users.

While in CIR as described above, the user query is
the central focus point, in CIF the documents are cen-
tral. CIF can be described as a ”push” technology, where
documents are pushed against the user query (or user
profile), while CIR is a ”pull” technology, drawing the
relevant documents from the collection.

1.4 Outline of this work

We limit ourselves to the text retrieval field, sometimes
also called text mining, which is only a part of the in-
formation retrieval research area. As a first approach to
CIR we also limit ourselves to developing, analyzing and
evaluating algorithms which can be used for IR effective-
ness improvements, based on individual queries which
may be stated by different users. Because our evaluation
data is static (queries, documents and relevance judge-
ments), we can not consider complete search processes of
users and especially ignore such vague queries, which can
only be answered in dialogue by iterative reformulations
of the queries.

This paper is organized as follows:

– section 2 describes related work in the field of query
expansion.

– section 3 introduces the vector space model and query
expansion procedures that have been developed for
use in the vector space model.
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– section 4 describes the document collections we use
for evaluating our new algorithms and includes the
description of some properties of the collections.

– section 5 introduces the environment of Collaborative
Information Retrieval and describes the methodology
used in the experiments and in the evaluation.

– section 6 shortly describes the algorithms that have
been developed to be used in CIR.

– section 7 summarizes the improvements that we have
achieved by our different algorithms.

– section 8 summarizes this paper, draws some conclu-
sions, and describes the essential factors for improv-
ing retrieval performance in CIR.

2 Related Work

Usage of short queries in IR produces a shortcoming
in the number of documents ranked according to their
similarity to the query. Users issuing short queries re-
trieve only a few relevant documents, since the number
of ranked documents is related to the number of ap-
propriate query terms. The more query terms, the more
documents are retrieved and ranked according to their
similarity to the query [22]. In cases where a high recall
is critical, users seldom have many ways to restate their
query to retrieve more relevant documents.

Thus, IR systems try to reformulate the queries in
a semi-automatic or automatic way. Several methods,
called query expansion methods, have been proposed to
cope with this problem [2], [19]. These methods fall into
three categories: usage of feedback information from the
user, usage of information derived locally from the set
of initially retrieved documents, and usage of informa-
tion derived globally from the document collection. The
goal of all query expansion methods is to finally find the
optimal query which selects all the relevant documents.

Query Expansion. The first publications describing que-
ry expansion procedures are Sparck-Jones [29], Minker
et al. [20] and Rijsbergen [31]. Older procedures are de-
scribed by Donna Harman in [10], experiments in the
SMART systems have been described by Buckley et al.
[3]. A comprehensive overview of newer procedures is
available from Efthimiadis in [7]. Another newer tech-
nique, called local context analysis (LCA), was intro-
duced by Xu and Croft in [36]. While pseudo relevance
feedback assumes that all of the highly ranked docu-
ments are relevant, LCA assumes that only some of the
top ranked documents initially retrieved for a query are
relevant and analyzes these documents for term co-occur-
rences.

Query Clustering. Newest procedures in the field of
query expansion are dealing with query bases, a set of
persistent past optimal queries, for investigating simi-
larity measures between queries. The query base can be
used either to answer user queries or to formulate op-
timal queries (refer to Raghavan [23] and Sever [27]).

Wen et al. [34] are using query clustering techniques for
discovering frequently asked questions or most popular
topics on a search engine. This query clustering method
makes use of user logs which allows to identify the docu-
ments the users have selected for a query. The similarity
between two queries may be deduced from the common
documents the users selected for them. Cui et al. [5] take
into account the specific characteristics of web searching,
where a large amount of user interaction information is
recorded in the web query logs, which may be used for
query expansion. Agichtein et al. [1] are learning search
engine specific query transformations for question an-
swering in the web.

Relevance Feedback. Gathering relevance feedback is an-
other field of research in this area. Automatic acquisition
of relevance information is necessary for improving IR
performance, since users are not willing or do not intend
to give feedback about the relevance of retrieved docu-
ments. IR effectiveness does not improve unlimited after
a few iterations of relevance feedback (refer to Salton et.
al. [25]), and a mathematical structure of relevance ef-
fectiveness ’converging’ to a limit, which behaves like a
’stable’ point, is described by Dominich [6]. White et al.
[35] compare two systems, where one is using explicit rel-
evance feedback (where searchers explicitly have to mark
documents relevant) and one is using implicit relevance
feedback. They focus on the degree to which implicit
evidence of document relevance can be substituted for
explicit evidence. Joachims [16] acquires relevance infor-
mation by merely using the clickthrough data while the
documents presented to the user have been ranked by
two different IR systems.

Term Weighting. Work in the field of term weighting
procedures has been done ever since IR research. The
dynamics of term weights in different IR models have
been discussed in [4], going back to the work of [32].
The different models analyze the transfer of probabili-
ties in the term space, mainly for, but not limited to,
the probabilistic IR models.

These methods are model-independent; they apply
to the (Extended) Boolean models as well as the Prob-
abilistic models (refer to [8]) and to the Vector Space
model applied in this work.

3 Basics and Terminology

This section introduces the basic vector space model
(VSM) which is employed in our work. Additionally,
we introduce a specific pseudo-relevance feedback (PRF)
method, which is known to be successful for improving
retrieval performance.

3.1 Vector Space Model

The vector space model, introduced by Salton [24], as-
signs weights to index terms in queries and in documents.



4 Armin Hust

These term weights are ultimately used to compute the
degree of similarity between each document stored in the
system and the user query. By sorting the retrieved doc-
uments in decreasing order of this degree of similarity,
the vector space model takes into consideration docu-
ments which match the query terms only partially.

Definition 1 (Vector Space Model) Documents as
well as queries are represented by vectors in a vector
space. The set of N documents and L queries are de-
noted by

D = {dj |1 ≤ j ≤ N} (1)
Q = {qk|1 ≤ k ≤ L}. (2)

Each individual document dj and query qk is repre-
sented by its vector

dj = (d1j , d2j , ..., dMj)T (3)
qk = (q1k, q2k, ..., qMk)T , (4)

where M is the number of terms in the collection and T
denotes the transpose of the vector.

Each position i in the vectors corresponds to a spe-
cific term ti in the collection. The values dij or qik re-
spectively indicate the weighted presence or absence of
the respective term in the document dj or query qk. The
weights dij and qik are all greater than or equal to 0.

Term weights dij and qik in Equations 3 and 4 can
be computed in many different ways. Different weighting
schemes, so called tf-idf weighting schemes, have been
developed by Salton and Buckley [25], the older work by
Salton and McGill [26] reviews various term-weighting
techniques. A newer work by Kolda [18] evaluates differ-
ent weighting schemes and compares the results achieved
by each of the weighting methods. The main idea behind
the most effective term weighting schemes is related to
the basic principles of clustering techniques [26]. More-
over it allows the usage of different weighting schemes
for the document representation and the query repre-
sentation.

Despite its simplicity, the vector space model is a re-
silient ranking strategy with general collections. It yields
ranked answer sets which are difficult to improve upon
without query expansion or relevance feedback within
the framework of the vector space model. A large vari-
ety of alternative ranking methods have been compared
to the vector space model but the consensus seems to be
that, in general, the vector space model is either superior
or almost as good as the known alternatives. Further-
more, it is simple and fast. For these reasons, the vector
space model is a popular retrieval model nowadays.

Definition 2 (Cosine Similarity) The ranking func-
tion normally used in the vector space model is the so
called cosine-similarity. The vector space model proposes
to evaluate the degree of similarity of the document dj

with regard to the query qk as the correlation between

these vectors. This correlation can be quantified, for in-
stance, by the cosine of the angle between these two vec-
tors. That is, the similarity sim between a document dj

and a given query qk is measured by the cosine of the
angle between these two M dimensional vectors:

sim(dj , qk) =
dT

j · qk

‖dj‖ · ‖qk‖ =
∑M

i=1 dij · qik

‖dj‖ · ‖qk‖ (5)

where ‖ · ‖ is the Euclidean norm of a vector. In the case
that the vectors are already normalized (and hence have
a unit length) the similarity is simply the scalar product
between the two vectors.

Documents
Queries

α

Fig. 1 Similarity of documents
and queries

Figure 1 illustrates
(in the 2-dimensional
space) the document
and query vectors of
unit length lying on
the surface of the unit-
hypersphere. The co-
sine of angle α mea-
sures the similarity be-
tween a document and
a query.

For our purposes we also need to measure the simi-
larity between (sets of) documents and between queries.

Definition 3 (Inter-Document, Inter-Query Simi-
larity) The similarity dsim between two documents dk

and dl and qsim between two queries qk and ql is mea-
sured by the cosine of the angle between these M dimen-
sional vectors

dsim(dk, dl) = sim(dk, dl) (6)
qsim(qk, ql) = sim(qk, ql) (7)

according to Equation 5.

3.2 Pseudo Relevance Feedback

Pseudo relevance feedback (PRF) avoids the interaction
of the IR system with the user after the list of the re-
trieved documents is created in the first stage. PRF
works in three stages: First documents are ranked ac-
cording to their similarity to the original query. Then
highly ranked documents are all assumed to be rele-
vant (refer to [36]) and their terms (all of them or some
highly weighted terms) are used for expanding the orig-
inal query. Then documents are ranked again according
to their similarity to the expanded query.

We employ a variant of pseudo relevance feedback
described by Kise et al. [17]. In our comparisons with the
newly developed methods, we will use the PRF method.

Let E be the set of document vectors given by

E =
{

dj

∣∣∣∣
sim(dj , qk)

max1≤i≤N{sim(di, qk)} ≥ θ

}
(8)
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(i.e., the (1−θ)-percentage of highest ranked documents),
where qk is the original query and θ is a threshold param-
eter of the similarity. Then the sum Dk of the document
vectors in E

Dk =
∑

dj∈E

dj (9)

is used as expansion terms for the original query. The
expanded query vector q′k is obtained by

q′k = qk + α
Dk

‖ Dk ‖ (10)

where α is a parameter for weighting the expansion terms.
Then the documents are ranked again according to their
similarity sim(dj , q

′
k). Parameters θ in Equation 8 and α

in Equation 10 are tuning parameters.

4 The Text Collections

This section describes the contents of the text collections
used in the evaluation. We mention some properties of
the collections which are limiting factors for the retrieval
performance of an IR system.

4.1 Contents of the Text Collections

We use standard document collections and standard que-
ries (also called questions or topics in some specific TREC
collections) provided by the SMART project [28] and the
TREC conferences series [30]. For the TREC collections,
relevance judgements are not available for each combina-
tion of query and collection; thus, we are limited to those
queries and collections, where relevance judgements are
available. Additionally, we have generated special collec-
tions from the TREC collections to show special effects
of our algorithms, and we use two real world collections
that have been gathered especially for these experiments.
In our experiments we used the following 16 collections:

– The SMART collections ADI (articles about infor-
mation sciences), CACM (articles from ’Communi-
cations of the ACM’ journal), CISI (articles about
information sciences), CRAN (abstracts from aero-
nautics articles), MED (medical articles) and NPL
(articles about electrical engineering).

– The TREC collections CR with 34 queries out of
topics 251 - 300 using the ”title”, ”description” and
”narrative” topics to investigate the influence of query
length, FR with 112 queries out of topics 51 - 300.

– The TREC QA (question answering) question col-
lection prepared for the Question Answering track
held at the TREC-9 conference. From the question
set 201-893, questions 201-700 were created with-
out reference to the documents. Then in a separate
pass, equivalent but re-worded questions (701-893)
were created from a subset of these 500 questions.

The QA-AP90 collection contains only those ques-
tions having a relevant answer document in the AP90
(Associated Press articles) document collection, the
QA-AP90S collection (extracted from the QA-AP90
collection) having questions with inter-question sim-
ilarity (refer to definition 3) of 0.65 or above to any
other question.

– The QA-2001 collection prepared for the Question
Answering track held at the TREC-10 conference.

– The PHIBOT collections PHYSICS (articles about
physics) and SCIENCE (articles about sciences ex-
cept physics) are real world collections gathered by a
web search engine [21]. Ground truth data has been
gathered from documents the user has clicked on
from the list which is presented to the user after the
query has been executed.

On the one hand by utilizing these collections, we
take advantage of the relevance judgements (also called
ground truth data) for performance evaluation. On the
other hand, we do not expect to have queries having
highly correlated similarities as we would expect in a
real world application, except for the QA-AP90 and QA-
AP90S collections. So it is a challenging task to achieve
performance improvements for our methods.

4.2 Preparation of the Text Collections

Terms used for document and query representation were
obtained by stemming and eliminating stopwords. Then
document and query vectors were created according to
the tf-idf weighting scheme (see section 3.1). The docu-
ment weights dij are computed as

dij =
1
nj
· tfij · idfi, (11)

nj is the normalization factor nj =
√∑M

i=1(tfij · idfi)2,
tfij is a weight computed from the raw frequency fij

of a term ti (the number of occurrences of term ti in
document dj)

tfij =
√

fij (12)

and idfi is the inverse document frequency of term ti
given by

idfi = log
N

ni
, (13)

where ni is the number of documents containing term
ti and N is the number of documents in the collection.
The query weights qik are computed as

qik =
1
nk

·
√

fik, (14)

where nk is the normalization factor nk =
√∑M

i=1 fik

and fik is the raw frequency of a term ti in a query qk

(the number of occurrences of term ti in query qk).
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4.3 Properties of the Text Collections

Table 1 lists statistics about the collections after stem-
ming and stopword elimination has been carried out,
statistics about some of these collections before stem-
ming and stopword elimination can be found in Baeza-
Yates [2] and Kise et al. [17].

4.3.1 Similarities of Queries to Documents Some of the
current limitations in IR are described here. Figures 2
and 3 present the similarity between each query and doc-
uments. Figure 2 displays the similarity of each query to
its relevant documents, figure 3 displays the similarity of
each query to its non-relevant documents. The dots indi-
cate the similarity of an individual document to a query.
The thin connecting line indicates the average similar-
ity of all relevant (or non-relevant) documents for each
query. The thick line averages these similarities over all
queries.

We can see that average similarity of a query to its
relevant documents is higher than average similarity of
a query to its non-relevant documents. But very often
it occurs that there are non-relevant documents having
a higher similarity to a query than relevant documents.
From this observation it follows that retrieval precision is
decreasing if similarity between a query and non-relevant
documents is high.
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Fig. 2 ADI: similarities of relevant documents

4.3.2 Inter-Query Similarities In our preliminary con-
siderations for usage of similarities between different que-
ries for retrieval performance improvements, we decided
to analyze the inter-query similarities (refer to defini-
tion 3). As we already stated, we did not expect to have
queries having highly correlated similarities as we would
expect in real world applications.

Indeed, the following histograms in figures 4 and 5
have very low inter-query similarity (as for most of the
text collections). Figure 4 displays the distribution of the
inter-query similarity, including those similarities which
are 0. Since this is the dominating factor in each text
collection, we also produced the same histogram leav-
ing out inter-query similarities of 0 (figure 5). Also the
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Fig. 3 ADI: similarities of non-relevant documents

mean and the median value as well as the variance and
the standard deviation are indicated in each graph. The
vertical lines are: the mean similarity (solid line), and the
values of the mean similarity ± the standard deviation
(dotted lines).
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Fig. 4 CRAN: distribution of query similarities
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Fig. 5 CRAN: distribution of query similarities

4.3.3 Correlation between Query Similarities and Doc-
ument Similarities We analyzed the inter-query simi-
larities as opposed to the inter-document similarity of



Query Expansion Methods for Collaborative Information Retrieval 7

ADI CACM CISI CRAN MED NPL PHY- SCI-
SICS ENCE

size(MB) 0.1 1.2 1.4 1.4 1.1 3.8 4.9 20.6
number of documents 82 3204 1460 1400 1033 11429 375 2175
number of terms 340 3029 5755 2882 4315 4415 35312 104891
mean number of terms 17.9 18.4 38.2 49.8 46.6 17.9 308.2 322.1

per document (short) (short) (med) (med) (med) (short) (long) (long)
number of queries 35 52 112 225 30 93 230 1108
mean number of terms 5.7 9.3 23.3 8.5 9.5 6.5 1.9 2.0

per query (med) (med) (long) (med) (med) (med) (short) (short)
mean number of relev. 4.9 15.3 27.8 8.2 23.2 22.4 1.7 2.0

documents per query (low) (med) (high) (med) (high) (high) (low) (low)

CR- CR- CR- FR QA QA- QA- QA-
desc narr title AP90 AP90S 2001

size(MB) 93 93 93 69 28.2 3.7 3.7 20.1
number of documents 27922 27922 27922 19860 6025 723 723 4274
number of terms 45717 45717 45717 50866 48381 17502 17502 40626
mean number of terms 188.2 188.2 188.2 189.7 230.7 201.8 201.8 220.5

per document (long) (long) (long) (long) (long) (long) (long) (long)
number of queries 34 34 34 112 693 353 161 500
mean number of terms 7.2 22.8 2.9 9.2 3.1 3.2 3.5 2.7

per query (med) (long) (short) (med) (short) (short) (short) (short)
mean number of relev. 24.8 24.8 24.8 8.4 16.4 2.8 3.2 8.9

documents per query (high) (high) (high) (med) (med) (low) (low) (med)

Table 1 Statistics about the test collections

the relevant documents. If there were a direct correla-
tion between inter-query similarities to inter-document
similarities of the relevant documents, it would be easy
to derive the relevant documents for a given new query
from the documents being relevant to the existing old
queries.

From these considerations, we derived the creation
of the following graphs (see figure 6): each graph indi-
cates the inter-query similarities for each two pairwise
different queries on the x-axis and the inter-document
similarity of the relevant documents on the y-axis as a
dot. For example, a dot at coordinates (0.5, 0.9) shows
that there are two queries having an inter-query simi-
larity of 0.5 and their relevant documents have an inter-
document similarity of 0.9. The line in each graph is the
least-squares estimator for the polynomial of degree 1
fitting best to the clouds of dots.

We see that there is no simple correlation between
inter-query similarity and inter-document similarity. The-
re are low inter-query similarity and their relevant doc-
uments have a high inter-document similarity and vice
versa. This holds for all text collections.
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Fig. 6 ADI: query similarity vs. document similarity

4.3.4 Overlap of Relevant Documents It is essential for
achieving retrieval performance improvements to have
some ”overlapping” relevant documents for pairs of que-
ries.

Definition 4 (Overlap of Relevant Documents) Let
qk, ql ∈ Q, k 6= l be two different queries. Let RDk, RDl

be the sets of documents being relevant to the queries qk

and ql respectively. Then the overlap of relevant docu-
ments for these two queries is the number of documents
in the set Okl = RDk ∩ RDl = {dj | dj ∈ RDk ∧ dj ∈
RDl}.

For all our new query expansion procedures we ex-
pect retrieval performance improvements if the overlap
of relevant documents is high. Table 2 gives some statis-
tics about the overlap of relevant documents, figure 7
presents the individual overlap for each pair of queries
for one collection. The x-axis and y-axis are labelled by
the query number, the z-axis indicates the overlap for
each pair of queries. Since the overlap between each pair
of queries is symmetric (|Okl| = |Olk|), we left out the
symmetric part for clarity.

5 Collaborative Information Retrieval

We first explain the motivation for our new approaches
to Collaborative Information Retrieval. We introduce
the general methodology used in our algorithms and the
evaluation methodology.

5.1 Motivation for Collaborative Information Retrieval

In our approach we use global relevance feedback which
has been learned from previous queries instead of local
relevance feedback which is produced during execution
of an individual query. The motivation for our query
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ADI CACM CISI CRAN MED NPL PHY- SCI-
SICS ENCE

pairs of queries 595 1326 6216 25200 435 4278 26335 613278
max overlap 7 17 70 18 0 36 1 4
query pairs with overlap 90 134 1154 686 0 181 25 75
percentage of query pairs with overlap 15.1% 10.1% 18.6% 2.7% 0.0% 4.2% 0.1% 0.01%

CR- CR- CR- FR QA QA- QA- QA-
desc narr title AP90S AP90 2001

pairs of queries 561 561 561 6216 239778 12880 62128 124750
max overlap 27 27 27 10 140 16 16 11
query pairs with overlap 35 35 35 385 760 195 237 259
percentage of query pairs with overlap 6.2% 6.2% 6.2% 6.2% 0.3% 1.5% 0.4% 0.2%

Table 2 Statistics about overlap of relevant documents
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Fig. 7 CACM: overlap of relevant documents

expansion method is straightforward, especially in an
environment where document collections are static, and
personal preferences and context knowledge are ignored:

– If documents are relevant to a query which has been
issued previously by a user, then the same documents
are relevant to the same query at a later time when
that query is re-issued by the same or by a differ-
ent user. This is the trivial case, where similarities
between the two different queries is the highest.

– In the non-trivial case a new query is similar to a pre-
viously issued query only to a certain degree. Then
our assumption is that documents which are relevant
to the previously issued query will be relevant to the
new query only to a certain degree.

It does not necessarily follow that, if a new query
is dissimilar to a previously issued query, the documents
which are relevant to the previously issued query are not
relevant to the new query.

As described in the introduction (section 1.1), we
are aware of the problems of ”personal preferences” and
”context”, but in our first steps towards techniques we
avoid further complexity by ignoring these challenges.

Our approach is to find the exact degree of similarity
between queries (which of course includes finding the ex-
act degree of dissimilarity) that maximizes the improve-
ments in retrieval performance. We do this by expanding
the newly issued query to include terms from previously
issued queries and/or documents known as being rele-
vant to the previously issued queries.

5.2 Methodology of Collaborative Information Retrieval
Methods

All our new query expansion procedures work as follows:

– for each new query to be issued, compute the similar-
ities between the new query and each of the existing
old queries and select those old queries having a simi-
larity to the new query which is greater than or equal
to a given threshold

– from these selected old queries get the sets of relevant
documents from the ground truth data (the relevance
judgements)

– from these sets of relevant documents select some or
all terms (depending on the method) for expansion
of the new query

– use these terms to expand the new query and issue
the new expanded query

The algorithmic description is given here:

for each new query q do
compute the set S = {qk| sim(qk, q) ≥ σ, 1 ≤ k ≤ L}
compute the sets RDk = {dj |qk ∈ S and

dj is relevant to qk}
compute the expanded query q′ = cirf(q, S,RDk)

by some function cirf
end

where S is the set of existing old queries qk with a sim-
ilarity of σ or higher to the new query q, RDk are the
sets of the documents being relevant to the queries qk

and cirf is a function for query expansion.

Existing old queries
new query
Nearest neighbors

Fig. 8 Motivation for CIR meth-
ods: usage of the nearest neighbors

The goal is to find
suitable functions cirf
which can be efficiently
computed and which
maximize the effective-
ness of the new query
q′ in terms of recall
and precision. Our ap-
proach is searching for
neighbors of the new
query (illustrated in
figure 8). If suitable neighbors of a query q within a
given distance are found, we try to derive information
about the documents which are relevant to q from its
nearest neighbors.
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These functions introduce a new level of quality in
the IR research area: while the term weighting functions
such as tf-idf only work on documents and document col-
lections, and relevance feedback works on a single query
and uses information from their assumed relevant and
non-relevant documents only, CIR now works on a sin-
gle query, and uses the information of all other queries
and their known relevant documents.

5.3 Evaluation Methodology

The evaluation follows the ”leave one out” technique
used in several areas such as document classification,
machine learning etc.

From the set of L queries contained in each text col-
lection, we select each query one after the other and
treat it as a new query ql, 1 ≤ l ≤ L. Then for each
fixed query ql we use the algorithm as described in sec-
tion 5.2. Of course the now fixed query ql itself does not
take part in the computation of the query expansion. We
vary parameters of the algorithms according to suitable
values, and select those parameters where highest per-
formance improvements (in terms of average precision
over all queries) have been achieved.

Recall and precision are the standard measures for
evaluation of IR systems ([2], [19]). For each query, re-
call is the fraction of relevant documents that have been
retrieved, precision is the fraction of retrieved documents
which are relevant. Precision values are computed at the
standard 11-point-recall-levels 0.0, 0.1,. . . ,1.0. Average
precision averages these precision values over all queries.
Recall/precision graphs are produced according to the
standard method of interpolated average precision com-
putation.

Statistical tests provide information about whether
observed differences in different methods are really sig-
nificant or just by chance. We employ the ”paired t-test”
described in [12]. Table 5 gives the significance indicators
from statistical testing of the experimental results. Each
row contains the results of two tests, i.e., test method X
against method Y and vice versa.

– An entry of ++ (−−) in a table cell indicates that
method X (Y ) is almost guaranteed to perform bet-
ter than method Y (X) at significance level α = 0.01.

– An entry of + (−) indicates that method X (Y ) is
likely to perform better than method Y (X) at sig-
nificance level α = 0.05.

– An entry of o indicates that there is low probability
that one of the methods is performing better than
the other method.

6 Query Expansion Methods for CIR

In this section, we shortly describe the query expansion
methods which we have developed for CIR. For detailed
information refer to [14], [15] and [13].

6.1 Methods Description

6.1.1 Query Similarity and Relevant Documents, QSD.
Method QSD (refer to [14]) uses the relevant documents
of the most similar queries for query expansion of a new
query. The new query is rewritten as a sum of selected
relevant documents of existing old queries, which have a
high similarity to the new query, i.e.,

q′ = q +
|S|∑

k=1

σk
RDk

‖ RDk ‖ , (15)

where |S| is the number of selected queries, σk are the
similarities sim(qk, q) ≥ σ (σ is the threshold value) and
RDk are the sets of relevant documents.

6.1.2 Query Linear Combination and Relev. Documents,
QLD. Method QLD (refer to [15]) uses the relevant
documents of the most similar queries, which are used
in re-writing the new query as a linear combination of
the most similar queries. This query expansion method
reconstructs the new query as a linear combination of
existing old queries. Then the terms of the relevant doc-
uments of these existing old queries are used for query
expansion, i.e.,

q′ = q +
|S|∑

k=1

λ̃k
RDk

‖ RDk ‖ , (16)

where the λ̃k are parameter for weighting the expansion
terms.

The λ̃k are computed as follows: in most cases we
cannot represent the new query q exactly as a linear
combination of the old queries qk, i.e.,

q =
|S|∑

k=1

λkqk (17)

will not have a solution for the coefficients λk. Equation
17 is equivalent to a system of linear equations

Qλ = q (18)

where Q = (q1, q2, . . . , q|S|) is a matrix of M rows and |S|
columns and λ = (λ1, λ2, . . . , λ|S|)T is a column vector
consisting of |S| elements. Because Q is normally singu-
lar (M À |S|) and there is no solution to the system,
we find a vector λ̃ so that it provides a closest fit to the
equation in some sense. Our approach is to minimize the
Euclidean norm of the vector Qλ− q, i.e we solve

λ̃ = argminλ‖Qλ− q‖ (19)

where λ̃ = (λ̃1, λ̃2, . . . , ˜λ|S|)T is called the least squares
solution for the system Qλ = q.
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6.1.3 Document Term Reweighting, Query Term Reweigh-
ting. Methods DTW and QTW [13] use the relevant
documents of the most similar queries for giving more
weight to those ambiguous terms in the documents or in
queries, that match the semantics of the same terms in
queries or documents. If, for example, the queries use the
term ’bank’ in conjunction with other terms related to
financial topics, then the term ’bank’ meaning ’financial
institution’ will be weighted higher than the term ’bank’
meaning ’dike’ or ’wall’.

The set of N documents is written as a matrix D =
(dj)1≤j≤N , the set of L queries is written as a matrix
Q = (qk)1≤k≤L. We also write the relevance judgements
as a matrix R = (rjk)1≤j≤N,1≤k≤L, where rjk = 1 if dj

is relevant to qk and rjk = 0 if dj is not relevant to qk.
The similarity matrix SIM is computed according to

Equation 5

SIM = sim(D, Q) = DT ·Q. (20)

The SIM matrix and the matrix R are of same size.
Both have N rows and L columns. In the best case the
SIM matrix computed according to equation (20) would
be identical to the given R matrix. In this case the preci-
sion for each query would be 100% at every recall level,
because every relevant document has a similarity of 1 to
the query and every non-relevant document has a simi-
larity of 0 to the query.

Because this will almost never be the case, we try to
find transformation matrices to achieve this goal. Method
DTW computes a matrix WD satisfying

WD · SIM ≈ R, (21)

method QTW computes a matrix WQ satisfying

SIM ·WQ ≈ R. (22)

The existence- and uniqueness-proof of these matrices
follows from theorems for pseudo-inverse matrices.

Then, for DTW we reweight the document terms by
WD ·D before we expand a new query by the document
terms of relevant documents of most similar queries, and
for QTW we reweight query terms by Q ·WQ before we
compute the set of most similar queries.

6.2 Experiments Description

The newly developed methods were evaluated using dif-
ferent settings for parameters σ (see section 5.2). Best
parameter value settings have been obtained by experi-
ment and those which give the highest average precision
were used for reporting here.

We analyzed the deviations in average precision for
small changes in the optimum values of σ. Small changes
in σ only led to small changes in average precision (from
-12% up to +4%). This indicates that the algorithms are
robust, and that there are no ”jump discontinuities” in
the neighborhood of the optimum σ values.

Then we combined two methods for query expansion
in this ways: First, after having expanded the new query
using the PRF method, we applied one of the meth-
ods QSD, QLD, DTW and QTW against the expanded
query. These methods are reported as the PRFxxx meth-
ods. Second, after having expanded the new query using
the QSD, QLD and QTW methods, we applied the PRF
method against the expanded query. These methods are
reported as the xxxPRF methods.

Recall/precision graphs for methods QLD and QSD
are presented in figures 9 and 10.
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7 Improvements

Our new methods are compared to the PRF method,
since this is widely used in IR systems and outperforms
the VSM in any case. Tables 4 and 5 summarize the
results of the newly developed methods. In table 4 the
best value of average precision is indicated by bold font,
the second best value is indicated by italic font. In those
cases, where our new methods outperform the PRF me-
thod, the value is underlined. Table 5 summarizes the
results from significance testing.
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Results are non-uniform. In some cases, the basic
methods perform better than PRF. This is the case for
the text collections having queries with high inter-query
similarities. In most cases, the combined methods out-
perform the PRF method.

Highest relative performance improvements are re-
ported in table 3. The ratio of improvement is computed
as follows: Let X be the average precision obtained by
one of the methods and let Y be the average precision ob-
tained by the PRF method. Then the ratio is calculated
by ratio = X−Y

Y . A positive value for the ratio indicates
an improvement of method X over method PRF.

relative achieved
improvement by method

ADI +1.2% PRFQLD
CACM +37.9% PRFQLD
CISI +34.0% QLDPRF
CRAN +8.0% PRFQLD
MED -1.3% PRFQLD
NPL +0.4% PRFQLD
PHYSICS +0.0% PRFQLD
SCIENCE +0.0% PRFQLD
CR-desc +8.0% PRFQTW
CR-narr +0.7% PRFQLD
CR-title +12.0% PRFQLD
FR +44.1% QSDPRF
QA +10.5% PRFQLD
QA-AP90 +7.6% QLDPRF
QA-AP90S +19.3% QLDPRF
QA-2001 +0.2% PRFQLD

Table 3 Best relative performance improvements

For a quick overview figures 11 and 12 show the av-
erage precision achieved by each method in bar graphs.
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Fig. 11 CRAN: average precision comparison

8 Conclusions and Application

8.1 Conclusions

We have studied methods for improving retrieval per-
formance in a restricted Collaborative Information Re-
trieval environment where information about relevant
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documents from previous search processes carried out
by several users is available for the current query.

Specifically, we developed, evaluated and analyzed
new algorithms for query expansion, since query expan-
sion methods are known to be successful in improving
retrieval performance.

Results of the newly developed methods are encour-
aging. Retrieval performance improvements were achieved
in most cases. From the basic methods QSD, QLD, DTW
and QTW best results were achieved in the combination
with the Pseudo Relevance Feedback (PRF) method.

For some text collections, no significant retrieval per-
formance improvements could be achieved, neither in the
basic methods nor in applying the combined methods.

We identified three essential factors for retrieval per-
formance improvements:
1. similarity between queries, also called inter-query sim-

ilarity (refer to section 4.3.2)
2. similarity of queries to their relevant documents and

similarity of queries to their non-relevant documents
(refer to section 4.3.1)

3. the overlap of relevant documents for pairs of queries
(refer to section 4.3.4)

We think that the first two factors are more impor-
tant for achieving improvements than the last factor.
Best performance improvements have been achieved in
text collections, where the inter-query similarity is high,
although the overlap in relevant documents is not high.

Low or no retrieval performance improvements were
achieved in those cases where the inter-query similarity
in the average is low. Also for text collections where sim-
ilarity of queries to their non-relevant documents is high
in the average, we could not achieve high performance
improvements.

No performance improvements were achieved in the
cases where the overlap of relevant documents is low
(MED, PHYSICS, SCIENCE).
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ADI CACM CISI CRAN MED NPL PHY- SCI-
SICS ENCE

VSM 0.375 0.130 0.120 0.384 0.525 0.185 0.616 0.569
PRF 0.390 0.199 0.129 0.435 0.639 0.224 0.638 0.587
QSD 0.374 0.237 0.142 0.428 0.503 0.184 0.612 0.567
QLD 0.369 0.227 0.171 0.436 0.507 0.185 0.614 0.569
DTW 0.356 0.142 0.122 0.386 0.494 0.182 0.599 0.561
QTW 0.364 0.154 0.131 0.420 0.500 0.183 0.611 0.565
PRFQSD 0.391 0.256 0.151 0.463 0.611 0.223 0.634 0.584
PRFQLD 0.394 0.275 0.169 0.470 0.631 0.225 0.638 0.587
PRFDTW 0.372 0.208 0.133 0.431 0.602 0.221 0.627 0.575
PRFQTW 0.388 0.231 0.133 0.453 0.606 0.222 0.635 0.583
QSDPRF 0.388 0.257 0.145 0.451 0.609 0.225 0.636 0.582
QLDPRF 0.385 0.273 0.173 0.453 0.613 0.207 0.611 0.587
QTWPRF 0.380 0.206 0.137 0.455 0.609 0.224 0.635 0.582

CR- CR- CR- FR QA QA- QA- QA-
desc narr title AP90 AP90S 2001

VSM 0.175 0.173 0.135 0.085 0.645 0.745 0.643 0.603
PRF 0.204 0.192 0.169 0.113 0.685 0.757 0.661 0.614
QSD 0.172 0.173 0.152 0.109 0.727 0.810 0.786 0.603
QLD 0.175 0.175 0.164 0.108 0.734 0.812 0.789 0.603
DTW 0.150 0.173 0.132 0.098 0.727 0.785 0.732 0.601
QTW 0.150 0.173 0.144 0.106 0.716 0.808 0.762 0.601
PRFQSD 0.196 0.192 0.180 0.140 0.754 0.813 0.781 0.613
PRFQLD 0.208 0.193 0.190 0.144 0.757 0.814 0.782 0.615
PRFDTW 0.200 0.191 0.154 0.123 0.752 0.791 0.733 0.611
PRFQTW 0.221 0.191 0.180 0.127 0.739 0.809 0.755 0.612
QSDPRF 0.195 0.191 0.177 0.163 0.739 0.813 0.786 0.614
QLDPRF 0.204 0.192 0.184 0.161 0.747 0.815 0.789 0.613
QTWPRF 0.179 0.192 0.189 0.157 0.740 0.815 0.764 0.613

Table 4 Average precision obtained in different methods

methods ADI CACM CISI CRAN MED NPL PHY- SCI-
X Y SICS ENCE

PRF VSM + ++ ++ ++ ++ ++ + ++
QSD PRF o o o o −− −− − −−
QLD PRF o o ++ o −− −− − −−
DTW PRF − − o −− −− −− −− −−
QTW PRF o − o o −− −− − −−

PRFQSD PRF o ++ + ++ o o o o
PRFQLD PRF o ++ ++ ++ o o o o
PRFDTW PRF o o o o o o − −−
PRFQTW PRF o + o + o o o −
QSDPRF PRF o o o o o o o o
QLDPRF PRF o + ++ o o o −− o
QTWPRF PRF o o o o o o o −−

methods CR- CR- CR- FR QA QA- QA- QA-
X Y desc narr title AP90 AP90S 2001

PRF VSM ++ + + + ++ + o ++
QSD PRF −− − o o ++ ++ ++ −−
QLD PRF −− o o o ++ ++ ++ −−
DTW PRF − − −− o ++ ++ ++ −−
QTW PRF − − o o ++ ++ ++ −−

PRFQSD PRF o o o + ++ ++ ++ o
PRFQLD PRF o o o + ++ ++ ++ o
PRFDTW PRF o o o o ++ ++ ++ o
PRFQTW PRF o o o o ++ ++ ++ o
QSDPRF PRF o − o + ++ ++ ++ o
QLDPRF PRF o o o + ++ ++ ++ o
QTWPRF PRF o o o + ++ ++ ++ o

Table 5 Paired t-test results for significance levels α = 0.05 and α = 0.01 in different methods

8.2 Application
Creation of a real-world Information Retrieval System
was not the goal of this work. However, we can imagine
that such a system, similar to well known search engines,
could be implemented in a future step.

8.2.1 Implementation For the implementation of our
CIR methods in a real-world search engine, we have to
consider some additional topics that were ignored in this
work to avoid further complexity:

1. We have to gather relevance judgements for retrieved
documents from users’ actions and store these rele-

vance judgements in an appropriate way. These rele-
vance judgements could be assigned explicitly by the
users to the results of their individual queries or com-
plete search processes, or taken implicitly by observ-
ing users’ interaction with the retrieved documents
(refer to section 2).

2. We have to incorporate some ”personalization” func-
tions. Our assumptions (refer to section 5.1) will not
hold in a real-world scenario. Different users query-
ing a system may have different information needs,
for example, a query ”jaguar speed” may refer to the
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speed of an animal, the speed of a car, or the speed
of an operating system.

3. We have to incorporate some ”context” functions.
For a query ”jaguar speed”, the same user may be
interested in the speed of the car at some time, while
the same user may be interested in the speed of an
operating system some time later.

8.2.2 Heuristics for successful Application of CIR Meth-
ods The CIR methods described in this work can sig-
nificantly improve retrieval performance. The following
description gives hints for successful integration of CIR
methods into a real-world Information Retrieval System.

The first step is to analyze the underlying text collec-
tion and the set of queries, the second step is to adjust
the set of queries to meet the requirements for successful
application of CIR methods.

Analyze the underlying text collection and adjust the
set of queries according to:

1. The similarity of queries to their relevant documents
and the similarity of queries to their non-relevant
documents (refer to section 4.3.1). This is the only
factor we can not adjust in text and query collections.

2. The inter-query similarity (refer to section 4.3.2).
In the case where we have no pairs of queries with
high similarities, the inter-query similarity distribu-
tion looks like a normal distribution with positive
skewness (see figures 4 and 5). In this case, we should
add further queries together with the judgements for
their relevant documents to the stored query set un-
til the inter-query similarity distribution looks more
like a standard normal distribution or looks like a
normal distribution with negative skewness.

3. The overlap of relevant documents for pairs of queries
(refer to section 4.3.4). In the case where there is
no or low overlap in relevant documents (see fig-
ure 7), CIR methods will not be successful. In this
case, we should add further queries together with the
judgements for their relevant documents to the stored
query set until we reach a sufficient overlap in rel-
evant documents. Because we identified this factor
being less important, we should first try to adjust
the inter-query similarity. While adding new queries
and relevance judgements to adjust the inter-query
similarity, there may be a high probability that the
overlap of relevant documents is also adjusted in the
same process.
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