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Abstract The ongoing surge in the amount of online information has made the process of
accurate retrieval much more difficult. Providers of information retrieval systems have come
under a lot of pressure to improve their techniques to cater for the modern user. Conventional
systems are often limited as they fail to understand the true search intent of the user. This
is usually a result of both poor query formulation by the user and an inability of the search
engine to process the query adequately. In this paper, an approach is presented that attempts
to learn a user’s short-term interests through the clustering of their search results. A profile
is maintained for each user to assist in the process of context resolution for a given query.
The details of such an approach and experimental results to evaluate its effectiveness are
presented in this paper.

Keywords Context · Query re-formulation · Information retrieval

1 Introduction

User context is one of the key components for accurate retrieval of information. Current
systems tend to ignore this factor and the majority of systems return a uniform set of query
results irrespective of the context in which the query was submitted (Sugiyama et al. 2004).

Researchers have examined a number of techniques to improve upon standard query per-
formance. Most of this research has focused on relevance feedback techniques and collection
analysis approaches (Rocchio 1971; Xu and Croft 1996), whereby the query is modified over
a number of iterations to obtain more accurate results. The principal drawback with this
approach is the need for the user to supply feedback explicitly to the system. The majority of
users are not willing to provide any feedback and of those who are, most will only provide
a limited amount (Dumais et al. 2003).

In this paper, a method to learn, in an implicit and efficient manner, a user’s interests and
preferences is proposed. This is achieved through clustering of the search results over the
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12 M. Smullen, C. O’Riordan

duration of a short-term user session. Once the initial query is submitted, the profile is created
which is updated through all subsequent queries. Following the initial query, the system will
use this profile in an attempt to provide more relevant results for all future queries.

The following example highlights some of the potential benefits of this approach: a user
submits the initial query computer software to begin the session. A number of clusters can
be created and stored as part of the user’s profile. These clusters represent distinct concepts
relating to computer software. In a subsequent query as part of the same session the user
submits the query Python. Typically, one would imagine documents pertaining to topics such
as the Python programming language and pertaining to snakes as part of the returned set.
However, by taking account of the user profile as part of the retrieval process, one can ascer-
tain that this user previously submitted a query related to computer programming. Therefore
it would make more sense to score documents related to programming languages higher than
those related to snakes. This represents a simple example of how maintaining a profile can
assist in the retrieval process.

One of the main thrusts of this research is to generate automatically user sessions in order
to undertake empirical analysis of the proposed system and algorithms. This is achieved
through the use of available standard test collection which comprise documents, queries and
relevance judgements. Similar queries are clustered together to form concepts or interests.
By using these clusters of queries to represent user interests, a number of user sessions can
be created. These user sessions can be generated in a number of ways and facilitate the mod-
elling of different user types—easy user, moderately difficult user and difficult user. Each
user type has its own values for a number of different attributes such as the number of topics
in which that type of user is interested in and the probability and frequency that this type of
user will change between query topics/interests in a given session.

This paper presents an approach to learn a user profile to enhance the search process. A
novel manner to create user sessions from a standard test collection is also presented. The
following section presents related work in the area of query enhancement with a particular
emphasis on expansion techniques and clustering. In Sect. 3, the system design and experi-
mental setup are discussed. Section 4 discusses an approach to modelling user sessions and
profile creation. In Sect. 5, experimental results are presented to show the effectiveness of
the technique. Section 6 presents some results to justify the use the clustering method for the
creation of search sessions. Conclusions are presented in Sect. 7.

2 Related work

Query enhancement has long been a topic of research in information retrieval. Query expan-
sion (Xu and Croft 2000) has been shown to improve the effectiveness of ranked retrieval by
automatically adding terms to a query. The original query is run using conventional methods.
Terms are then extracted from the top ranking documents for addition to the original query.
Terms chosen for expansion are typically those that occur most frequently.

The following are a number of approaches adopted by researchers in this area.

2.1 Query expansion using previous return sets

In (Fitzpatrick and Dent 1997) past user queries are used to enhance automatic query expan-
sion. Results of past queries are used to create affinity pools, from which expansion terms
are chosen. The top ranking documents from up to three previous queries that are similar to
the current query are used to form the affinity pool. Using a tf-idf (Salton and MacGill 1983)
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Performance in user session based information retrieval 13

Table 1 Attributes of the CACM test collection

Collection Num Docs Terms Terms/Docs Queries Terms/Query Relevants/Query

CACM 3204 10,446 40.1 52 11.4 15.3

scoring mechanism, terms are then chosen for expansion of the current query. The end result
was an improvement on relative average precision of 15% for the TREC-5 collection.

2.2 Implicit feedback measures

Most research on context-based information retrieval is focused around gathering contex-
tual information through behavioural monitoring, environment detection, gesture recognition
and perceptual evidence, such as eye tracking (Ruthven 2004) and other measures (Kelly and
Belkin 2001). Such approaches, although potentially very effective, can be quite cumbersome
and computationally expensive.

2.3 Concept hierarchies

Sieg et al. (2003) incorporate domain-specific concept hierarchies with an interactive query
formulation process to produce a less ambiguous query. They modify the user’s initial query
based on their interaction with a modular concept hierarchy. Experiments are performed
based on ambiguous words and associated documents for each word sense. Their results
show higher precision is achieved for these ambiguous queries. The major cost here is the
creation of the concept hierarchy as part of the pre-processing phase. This requires a form of
document clustering, in this case the k-means clustering technique.

2.4 Clustering techniques

Clustering has been extensively used in information retrieval. Some of the IR domains in
which it has proved to be beneficial include: query expansion—both relevance and local
feedback techniques, creation of concept hierarchies for test collections and cluster-based
browsing of search results.

In work by Lu et al. (1996) the top-ranked documents are clustered and the singleton
clusters removed. The intention is to increase the concentration of relevant documents and
thus promote more effective query expansion. Buckley et al. present an approach wherein
the documents in the return set are clustered, and the cluster that best matches the query is
used for query expansion (Buckley et al. 2000).

3 System design and experimental setup

3.1 Document collection

The experiments in this paper are performed using the CACM (articles published in the
Communications of the ACM from 1958 to 1979) test collection. The collection contains
52 queries together with their relevance judgements allowing for a formal evaluation of any
obtained results. Details pertaining to the collection are presented in Table 1.
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Fig. 1 Indexing strategy overview

3.2 Collection processing

A number of pre-processing steps are needed before any experiments can be undertaken.
This involves parsing of the text, performing stop-word removal, stemming and indexing the
remaining terms in the collection.

The text parser is implemented by means of a finite state machine (Baeza-Yates and
Ribeiro-Neto 1999). Stop-word removal requires indexing of the stop-words and a compar-
ison of each word in the document collection against this index. Any words contained in the
index are removed. Stemming is acheived using the Porter algorithm (Porter 1997).

The final step is to index the remaining terms in the collection. This is achieved by using
a nested binary search tree as illustrated in Fig. 1. Nodes in the outer tree represent each
term in the collection together with global statistics such as the number of occurrences of
this term, inverse document frequency, the number of documents containing the term and
language modelling probabilities. The inner tree contains document occurrence information.
The tree is sorted on the document identifier and each node stores information regarding term
frequency (in this particular document), offset of occurrence and probability statistics.

3.3 Retrieval model

The vector space model of retrieval is used. Documents and queries are represented as
t-dimensional vectors of the form:

−→
d j = (w1, j , w2, j , w3, j , ...., wt, j ) (1)

where
−→
d j is a document or query and wi, j is the weight of term i in document j . Weights

are assigned to terms in the collection through the following formula:

wi, j = fi, j × id fi (2)

The vector space model calculates the degree of similarity between a document and a

query as the correlation between the two vectors
−→
d j and −→q . This can be quantified as the

cosine of the angle between the two vectors
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Performance in user session based information retrieval 15

sim(d j , q) =
−→
d j • −→q

|−→d j | × |−→q |
(3)

4 Representing user sessions

The notion of a user session is necessary in order to examine algorithms for implicitly
detecting user interests. The CACM collection contains once-off queries together with their
relevance judgements. This information alone is inadequate for modelling and experimenting
with user sessions. It is also too demanding of resources to perform usability testing on the
system.

Other researchers have generally tackled the problem of testing session-based retrieval in
one of two ways:

1. Perform the time-consuming task of collecting query logs for individual users.
2. Tailor testing entirely toward query disambiguation using a designed set of queries. This

detracts from the credibility of the results with regard to real-world scenarios.

Neither of the above methods are ideal.

When a session begins, the typical user will have one or more information needs. Common
practice in these circumstances is for such a user to issue a series of queries to best represent
these needs. Once this process begins, a number of factors come into play. The user may
decide to shift between needs during the query process. It is also possible that the user will
terminate the search at any given time possibly because they have had their information need
satisfied. Questions arise regarding the best way to simulate these types of behaviour.

In this work, user sessions are automatically generated. The sessions generated are viewed
as the behaviour of an unknown user issuing a series of queries to satisfy their information
need. The CACM collection, (which forms the basis of the experiments in this paper) contains
52 natural language queries and their corresponding relevance judgements.

In order to build the notion of user sessions, the queries are clustered into a number of
different topics. These clusters depict how the queries relate to one another and represent the
building blocks of a user information need. The clustering process produced eight clusters
with strong intra-cluster similarities between the queries. These act as eight different user
interests.

The basis to forming a user session is to determine its key characteristics. The following
variables are used:

– A user has a set number of topics in which he/she is interested
– It may be possible for a user to cycle between interests
– The probability that when a query related to a particular interest is issued, the user will

move to another query as part of a new interest
– The level of similarity between interests when a user cycles between interests, and
– The probability that a user will terminate their session following each query issued.

For the purpose of the experiments presented in this paper, three different user types are
modelled—easy, moderately difficult and difficult user. These are differentiated by the dif-
ferent values assigned to the user-session variables.

In order to define user types the following are specified:

1. The number of interests for the user—this will be high for difficult and moderately
difficult users (two to four interests). An easy user will have only one interest.
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Table 2 User session examples

User type Num interests Cycling Query sequence

Easy 1 No Q10, Q63, Q18, Q19, Q62
Mod diff 3 Yes Q18, Q61, Q44, Q32, Q33, Q19, 63, Q40, Q43
Ext diff 4 Yes Q9, Q8, Q28, Q19, Q4, Q62, Q26, Q63, Q37, Q10, Q7, Q18

2. Whether cycling between interests is active—this is where a user issues a query related
to one interest and follows this with a query related to a different interest but will return
to the original interest in a future query.

3. The degree of change between interests; when a difficult user changes interest then the
interest least similar (most contextually different) to their current interest is selected. A
moderately difficult user moves to a randomly chosen new interest.

4. The probability of a user terminating a session; in order to simulate fully real world
scenarios we must cater for the possibility of a user terminating their search at any given
moment. There is a 5% chance of a user terminating their session following a query.
This is constant for all users.

Examples of sessions related to the three different user types are depicted in Table 2.

4.1 Maintaining the user profile

In general, user profiling may be carried out implicitly or explicitly. In this work, implicit
profiling is carried out by means of clustering the top N search results for an individual
query. These clusters are then viewed as topics of interest for this user and their centroid term
vectors are maintained as part of the profile. This approach works well in most cases and has
been adopted in the past, as part of local feedback (Xu and Croft 2000). For difficult queries
however, there exists the possibility of topic drift.

The clustering algorithm adopted in this work is a one-pass method whereby documents
are added to clusters if their similarity is within a pre-defined threshold (0.10).1 Once all doc-
uments under consideration have been clustered, all or some of the clusters are maintained
as part of the profile. Following experimentation and analysis, it was ascertained that main-
taining all non-singleton clusters provided the best results. This is in keeping with the cluster
hypothesis (Hearst and Pedersen 1996). This states that in general, relevant documents tend
to be more similar to each other than to non-relevant documents. Therefore it is reasonable
to assume that singleton clusters are less likely to be relevant to the current query. This is
especially true where there exist a large number of relevant documents per query, as is the
case with the CACM collection.

The user profile can restrict the number of clusters to be maintained (between 4 and 8).
This range was chosen to keep a bound on the number of clusters to be maintained and con-
sequentially constraints the associated computational expense. All clusters are time-stamped
such that if the upper bound on the number of clusters is reached, the oldest cluster can be
dropped from the profile. When a cluster is being added, it is possible that it has a high degree
of similarity (≥0.4) (again chosen following empirical testing) with another cluster in the
profile. In this circumstance, the two clusters are merged and the time-stamp updated.

Once a query is submitted it is compared with all clusters in the user’s profile using the
cosine similarity measure. If the maximum similarity is within the pre-defined threshold (set

1 This value was chosen as following empirical analysis of different values, this performed well.
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Fig. 2 Results for easy user

to be 0.2, following some experimentation with a range of values) then this cluster is used
as part of the document scoring mechanism. It is assumed that a cluster falling within this
threshold is somewhat representative of the context of the user’s current query. If no cluster
falls inside this threshold then the retrieval process proceeds as it would irrespective of user
profiling.

When a cluster is identified as being relevant then the scoring mechanism reflects. The
scoring mechanism is updated from the basic cosine similarity measure to the following
approach:

score(d) = sim(Q, d) + β × sim(Q, C) × sim(d, C) (4)

Where sim (x, y) represents the cosine similarity between x and y, Q represents the
current query, C represents the cluster extracted from the user profile, d represents the doc-
ument being scored, and β is a constant (set to 0.6 (determined empirically to give good
performance)) reflecting how much credence is give to the profiling approach.

The above formula has a number of useful properties. It ensures that document d will
receive the highest value if it is similar to both the current query and the cluster chosen
as representative of the context of the current query. It also guarantees that documents that
would not receive a high score using the cosine similarity metric are not exempt from being
ranked highly in the final result.

5 Results

A number of experiments were conducted in order to measure the effectiveness of the pro-
posed approach. In these experiments, a number of user sessions are created to simulate user
behaviours; these use sessions can be categoried as easy, moderately difficult and difficult.
The experiments compare, for each of these types of user, the performance of the proposed
system using profiling and a system with no profiling in use.

The graph in Fig. 2 depicts the improvement garnered through the use of user profiling.
The results obtained are from an easy user session. The results are as expected given the
nature of the users i.e. a number of queries pertaining to a particular interest. By virtue of
the fact that all queries relate to the same interest, it allows the profiling approach to be
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Fig. 3 Results for moderately difficult user
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Fig. 4 Results for difficult user

maximally beneficial i.e. almost all queries issued will relate to previously stored concepts
of interest for this user. The ratio of queries updated is also quite high for this user at 40%.

Results achieved for the moderately difficult user, as shown in Fig. 3, show a modest
improvement over the baseline result. The decrease in improvement in comparison to the
easy user can be attributed to the larger number of topics and associated changing between
topics for these users. Furthermore, there will be a smaller ratio of queries updated (25%).
Again, this is due to the extra interests displayed by this user type and detracts from the
overall improvement.

For difficult users, there is an increased prevalence of changing between interests and
hence it is more difficult for the system to improve performance for these users; the result
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in Fig. 4 reflects this fact (almost identical to baseline result). Again, the ratio of queries
updated (20%) through profiling is reduced and this serves to reduce the overall effect of this
approach.

The results imply that profiling is most effective when the user has a small number of
interests and doesn’t tend to shift behaviour to other interests. In other cases, the system is
less effective. This can be attributed to both the reduced number of queries being modified
and the increased difficulty in context resolution.

6 Evaluating clustering algorithm performance for user session creation

The experiments in this paper are focused on session-based retrieval. As discussed in Sect. 4,
sessions are created to depict three different types of system user. The idea is that an easy user
has a number of queries related to a single concept of interest. At the other end of the spec-
trum, the difficult user would issue queries related to a number of interests with random shifts
between topics. Naturally, the moderately difficult user falls between these two extremes.

As discussed in Sect. 4, these sessions are fabricated by means of clustering system que-
ries in an effort to establish query topics within the system. The idea is that queries within
the same cluster refer to the same concept and as a result, documents relevant to one are also
relevant to the other. Consider the case whereby an individual cluster of N queries represents
an easy user session. If these queries are indeed conceptually similar then any information
gleaned from the results of one query should positively transfer to another query within the
same cluster. However, it is possible that two queries, which are closely related in query
space (textually), refer to entirely different concepts. It is therefore readily apparent that the
effectiveness of the approach is dependent on the correctness of the query clustering process.
The purpose of this section is to determine the validity of the technique.

6.1 Clustering algorithm

The clustering algorithm used as part of user session creation is a one-pass clustering tech-
nique. All queries are represented as t-dimensional vectors and similarity is calculated by
means of the cosine similarity metric. A threshold of 0.20 was used to determine whether
or not a query is clustered. This technique, although providing the benefit of not having to
decide on a fixed number of clusters (as with K-means), does have its shortcomings. Firstly,
comparisons between queries are totally word-based and do not take advantage of any other
sources of evidence. It can be argued that this could potentially create anomalies within the
clusters. Furthermore, because the technique requires only a single pass, the efficiency of
the approach is offset by a degree of inaccuracy, less evident in more intricate algorithms. In
spite of this, there was enough evidence (there are only 52 queries with relevance judgements
used in the CACM collection) to suggest that one-pass clustering would adequately suffice
for the required purpose.

6.2 Clustering analysis

In order to evaluate analytically the efficacy of clustering queries a direct comparison between
query similarity (word-based using cosine similarity) and their corresponding relevance judg-
ements is required. In order to do so, two N × N matrices were created where N represents
the number of queries under consideration. The first matrix contains similarity scores (cosine
similarity) between each pair of queries in the corpus. The second is made up of similarity
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scores for the corresponding answer sets. The following metric was used to evaluate the
similarity between two sets of relevance judgements.

Sim(Rel Ji , Rel Jk) = |Rel Ji ∩ Rel Jk |
|Rel Ji | + |Rel Jk | (5)

where Rel Ji is the set of relevance judgements for query i and |Rel Ji | is the number of
elements in the set Rel Ji .

If the clustering approach adopted is valid, then there should exist a strong similarity
between each pair of vectors within the two matrices. To evaluate this, the cosine similarity
scores between the 52 query and relevance judgement vectors was examined . This yielded
the following results. Note that absolute similarity is represented as 1.0 with total dissimilar-
ity having a score of 0.0. The maximum score obtained for an individual query was a value
of 0.986. The minimum score was 0.791 with a mean score of 0.920.

These results illustrate a high correlation and highlight the effectiveness of clustering
search results to extract concepts of interest within the CACM collection. They also jus-
tify the use of such an approach in order to automatically generate search sessions for the
collection and moreover to incorporate the notion of user profiling as outlined in Sect. 4.1.

7 Conclusions

In this paper, we presented an approach to learn the short-term interests of users. We provided
a detailed overview of query enhancement and user profiling techniques. Two key parts of
our method are (1) clustering search results to ascertain concepts of interest for a user and
(2) creation of user sessions to test the effectiveness of our method.

Initial results obtained from testing were promising and support use of our approach.
Future work will require a detailed examination and optimisation of the parameters used
in the profiling algorithm, use of explicit feedback and a shift towards a larger scale of
experiments using larger test collections and query sets.
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