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Abstract

Contextual information provides an important basis for identifying and understanding users’ informa-
tion needs. Our previous work in traditional information retrieval systems has shown how using contextual
information could improve retrieval performance. With the vast quantity and variety of information
available on the Web, and the short query lengths within Web searches, it becomes even more crucial that
appropriate contextual information is extracted to facilitate personalized services. However, finding users’
contextual information is not straightforward, especially in the Web search environment where less is
known about the individual users. In this paper, we will present an approach that has significant potential
for studying Web users’ search contexts. The approach automatically groups a user’s consecutive search
activities on the same search topic into one session. It uses Dempster–Shafer theory to combine evidence
extracted from two sources, each of which is based on the statistical data from Web search logs. The
evaluation we have performed demonstrates that our approach has achieved a significant improvement
over previous methods of session identification. � 2002 Elsevier Science Ltd. All rights reserved.
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1. Introduction

With the rapid expansion of the Internet, information retrieval tasks are increasingly performed
using Web search engines, which do not have the help of human intermediaries, in contrast to the
case in traditional retrieval environments. Unfortunately, from a retrieval perspective, the Web is
a vast heterogeneous database covering a large variety of topics at different depths. This poses a
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challenge to the performance of Web retrieval systems in the absence of search intermediaries. A
search intermediary was able to establish the context of a user’s search for information, and hence
advise and guide a user when searching. A search context usually contains the information about
the user’s search task, the topic areas that the user is and has been interested in, and the features of
the search engine. It has been argued forcefully that exploiting the user’s context has the potential
to improve Web retrieval systems as more information is available about a user and his/her in-
formation need (Croft, 1984; Goker, 1997; Talja, Keso, & Pietilainen, 1999).
In this paper, we will present an approach that has great potential for studying Web users’

search contexts. Our approach automatically groups a user’s consecutive search activities on the
same search topic into one session. It uses Dempster–Shafer theory to combine evidence extracted
from two sources, each of which is based on the statistical data from Web search logs. The
evaluation we have performed demonstrates that our approach has achieved a significant im-
provement over previous methods of session identification. In addition, further application areas
of our approach include other types of Web user studies, such as modelling and learning about
Web surfing behaviour.
Before presenting the detail of combining evidence for grouping consecutive search activities

into one session, firstly in Section 2, we want to explain why we are interested in session identi-
fication, and why session identification has great potential for studying Web users’ search con-
texts.

2. Session identification and contexts

Web users’ behaviour is an important resource for inferring users’ contextual information.
Most studies about Web users’ behaviour have been performed through analysing Web user logs
(Cooley, Mobasher, & Srivastava, 1999; He & Goker, 2000; Jansen, Spink, Bateman, & Saracevic,
1998; Silverstein, Henzinger, Marais, & Moricz, 1999; Tauscher & Greenberg, 1997). This is
because studying the logs is probably the only available method to obtain a large amount of data
related to user search behaviour with a rather cheap cost, even though the logs lack general in-
formation about users. For the same reason, our studies are based on analysing Web user logs.
When discussing the information retrieval process, often the focus is on the individual activities

such as formulating queries, searching document collections and presenting returned documents.
However, there are cases where we need to go beyond analysing these individual activities in
isolation, and consider the groups of these activities. Spink, Wilson, Ellis, and Ford (1998) show
that nearly 60% of users had conducted more than one information retrieval (IR) search for the
same information problem. In their research, they refer to the process of repeatedly searching over
time in relation to a specific but possibly evolving information problem as the successive search
phenomenon.
Contextual information plays a more important role in the study of successive searches than

that of isolated searches since the contexts behind a series of successive searches are probably
closely related to each other, if not the same. However, finding contextual information is a difficult
task even for successive searches, especially if the searches are launched on the Web. Previous
studies have demonstrated that less information is available about the users and their information
needs on the Web, not to mention the fact that Web searches are shorter and search statements
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contain less terms than their counter parts in traditional IR searches (Han, Goker, & He, 2001;
Jansen et al., 1998).
Our work addresses the problem of paucity of information about users’ search contexts within

the Web. An individual search activity may be informative sometimes, but a collection of search
activities provides much more information about the search topic and the context, especially if
they are organised according to their chronological order and are related to the same search topic.
We believe that, it is likely that consecutive search activities related to one topic share the same
context. It is, therefore, reasonable to say that the information about search topics is an important
constituent of the context behind users’ searches. This motivates us to group together search ac-
tivities related to the same search topic and treat them as a whole during the process of identifying
the search contexts. By activities, we refer to the search related actions that take place during
the course of information retrieval. These include forming or reforming a query (more precisely
a search statement), browsing the results, providing relevance judgements, and so on. 3

However, we have to be cautious when grouping search activities. Research on query expansion
has found that the performance of the retrieval system could suffer if too much unrelated in-
formation is added into the queries (Harman, 1992). As using context to enhance retrieval usually
involves refining queries with contextual information, the information from unrelated topics has
to be eliminated when constructing the context.
Goker and McCluskey (1991) reported that frequent users in a bibliographic information re-

trieval system usually have 2–3 topics that they search around. Web users might have a different
number of topics, but it is not unreasonable to assume that their searches too will tend to be
clustered around their interests or requirements (consciously or unconsciously), and these clusters
are probably mixed chronologically. To avoid applying irrelevant contextual information to the
retrieval process, there should be mechanisms to mark the boundaries between activities from
different topics.
Usually, there are clear signs of the start and the end of sessions in the searches performed in a

library with the help from a human intermediary, or performed on an OPAC system with login/
logout facilities. These signs help to ease the problem of obtaining information crossing topics in
traditional retrieval systems. However, as He and Goker (2000) point out, there has not been a
consistent definition of sessions in Web searches, and there is no clear session delimiter in Web
searches either, especially in Web search logs. Therefore, we think that avoiding contextual in-
formation being obtained from different topic areas becomes an important issue in the approach
of enhancing Web retrieval systems with contextual information.
We define a sequence of activities that are related to each other not only through an evolving

information need at a deeper, conceptual level but also through close proximity in time as a
session. If we view a user with an interest in a particular topic as acting in a role, we could an-
ticipate that activities in the same session are more likely to correspond to this role. This claim is
reasonable, particularly since the retrieval process can be viewed as an interactive problem solving
task with a particular goal. Whether there are connections between roles and contexts of different
information needs is an open question, but it is reasonable to believe that there are contextual

3 We think it is a little misleading to refer to all activities as queries. This could create a confusion between the initial

search statement and any following browsing activities, for example.
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connections among different searches from the same user acting the same role. The contextual
information of one search can be helpful for subsequent searches as long as the roles behind them
are the same.
As depicted in Fig. 1, our definition of session provides a link between explicit, easy-detected,

chronologically occurring search activities and implicit, less definite, slow-evolving contexts. By
identifying the session boundaries, we can make sure that the information collected from one
session is within the same context, which provides a good foundation for inferring and applying
the context. In addition, sessions appearing in different time but with the same context can also be
clustered together to provide an even larger collection of the contextual information.
Our approach of session identification combines statistical data from two sources to auto-

matically identify session shifts in Web search logs. By session shift, we refer to a session change
happening between two consecutive activities from the same user. When there is no session change
between two consecutive activities, we refer to this as a session continuation.
Fig. 2 illustrates the concepts along with the session identification. The two new concepts, the

time gap between activities (GBA) and time interval (TI), will be described in Section 3.3.

Fig. 1. A scenario of applying the session identification results in inferring the contexts of Web retrievals.
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The remaining parts of this paper describe our recent work on automatic session identification.
We first describe our methodology for detecting session shifts followed by a brief review of related
work. We then discuss the evidence combination approach in detail. Finally, we present some
results of applying the evidence combination method in our experiments and refer to some future
work.

3. Methodology

3.1. The Reuters log collection

The log collection used in this study are transaction records of the Web searches initiated by
Reuters (www.reuters.com) Intranet users and we refer it as the Reuters log collection. The search
engine used is a local version of AltaVista (www.altavista.com) with both simple and advance
search facilities. The time range of the collection was from 15:27:21 on 30th March 1999 to
09:06:27 on 7th April 1999. There are 1440 unique IP addresses but only 1357 of them have their
search activities included in the collection, 4 which consists of 9534 search activities. Each
transaction record contains the following three fields:

• IP address: an IP address associated with the machine that the activity is initiated from.
• Time of day: measured in days, hours, minutes and seconds.

Fig. 2. An illustration of concepts along with session identifications.

4 This is because the search activities of the removed IPs were initiated prior to the starting time of the collection, so

only the information pertaining to these search activities were recorded. Hence, these IP addresses are not used in our

analysis.
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• CGI command: a command line to call a CGI program for the search. It includes information
about the query terms, the search method (i.e. simple search or advance search), the page num-
ber (i.e. subsequent pages for the same search), and so on.

In the Reuters log collection, the search activities were ranked according to the time they were
initiated. To facilitate our analysis of the logs, we reordered the activities according to, firstly, the
IP addresses and, then, the initiating time when the IP address is the same. The whole collection
is an agglomeration of these many sub-collections of activities from the same IP addresses.
At the time this work was undertaken, we had another log collection in addition to the Reuters

one. This collection contains transaction records of the Excite search engine (www.excite.com). It
has more search activities and a much wider range of IPs, but it covers just 30 min starting from
midnight, 9th April 1997. Because our study of successive searches and session identification
requires a collection with reasonable time range of users’ search activities, we choose the Reuters
log collection rather than the Excite one. Of course, we acknowledge that Reuters Intranet users
may only represent a small portion of Internet users, and to this extent, future work includes an
analysis of larger user population.
During our previous studies on the Reuters logs, we had three search experts examine the logs

and mark the places where they thought a session shift occurred. To reduce the misjudgements
due to a possible lack of information about the users’ information needs, we asked people from
Reuters to help us to resolve ambiguities in identifying the transaction of sessions. For example,
Fig. 3 shows a session shift between the third and fourth search activities from a particular IP
address.
We divided the Reuters logs into two sections. The first part has been used for obtaining

statistical data for session identification. It contains 4860 query activities from 661 IP addresses.
The other part which contains 4674 query activities from 696 IP addresses was used for testing the
approach. In this paper, they will be referred to as the training collection and the test collection.

3.2. Our method

Previous research has pointed out that the study of Web users is difficult for several reasons.
Firstly, it lacks adequate background information about Web users and, secondly, the population
and the diversity of Web users are very large (Han et al., 2001; Jansen et al., 1998). The facts
related to the first point are: the queries are short and most users do not register so there is hardly
any knowledge of their background (Han et al., 2001; Jansen et al., 1998). The second point is
supported by the fact that there are millions of Web users from all over the world who can access

Fig. 3. Samples from the Reuters logs. The actual IP address is not presented for reasons of privacy, and only query

parts of the CGI commands are listed for the simplicity of the display.
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the search engines at any point in time with a variety of methods (Kehoe, Pitkow, & Morton,
1999). Both of these make many studies of Web users through the direct involvement of human
subjects either too expensive to operate or too narrow to be representative of Web users in
general.
Our study, therefore, relies extensively on the analysis of transaction logs of search engines.

Although Web user information is limited to that recorded in the logs, this nevertheless provides
a means to examine a great number of Web users cheaply. We anticipate that often there will be a
limited resource of information pertaining to Web users and an irregularity due to their various
backgrounds, regions and methods of accessing search engines, so we adopt a statistical approach
rather than a hard coded rule based one.

3.3. Time interval

We call the time difference between two consecutive search activities the GBA. The duration of
a GBA is called the TI of the GBA. Previous work has shown correlation between the time in-
terval of GBAs and session shifts (Goker & He, 2000; He & Goker, 2000). That is, the longer the
time interval is, the higher the likelihood that there is a session shift happening in the GBA.
To use time intervals as a piece of evidence in session identification, a threshold is predefined so

that when the time interval of a GBA is larger than the threshold, the GBA is marked to contain a
session shift. For simplicity, we call the threshold the session interval to demark session identifi-
cation (He & Goker, 2000).
In this paper, however, we want to use time interval in a different way. Instead of trying to find

one particular session interval that would identify most session shifts, we calculate the probability
of a particular GBA containing a session shift given its time interval. Such information then can be
combined with other probabilities to identify session shifts.
We divided the time span of the training collection into seven sections (see Table 1). Six of them

cover the time intervals up to and including 30 min, i.e. the first is from 0 up to and including 5
min, the next from 5 to 10 and so on. The seventh section contains all the time intervals longer
than 30 min. This arrangement of sections is due to the results of our previous studies which
indicate that most time intervals are smaller than 15 min and 10–12 min is a more likely time span
to find the best session interval for session identification (Goker & He, 2000).

Table 1

Statistical data based on time interval

TI sections (min) Intra-session FTI Inter-session FTI PðTIÞ P ðshiftjTIÞ P ðcontinjTIÞ
0–5 3264 173 0.8185 0.0503 0.9497

5–10 108 31 0.0332 0.2230 0.7770

10–15 36 25 0.0145 0.4098 0.5902

15–20 30 19 0.0117 0.3878 0.6122

20–25 15 15 0.0071 0.5000 0.5000

25–30 13 11 0.0057 0.4583 0.5417

30+ 108 351 0.1093 0.7647 0.2353

Total 3574 625
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The first column of Table 1 shows the time spans of the seven time interval sections. The units
are minutes. The second and third columns show the frequency of time intervals between two
activities within a session (intra-session) and across two sessions (inter-session), respectively. The
column of PðTIÞ displays the distribution of time intervals in each of the seven sections regardless
of whether a GBA is within a session or across sessions. The last two columns present the con-
ditional probabilities (using Bayes theorem on training collection) of having a session shift (i.e.,
PðshiftjTIÞ) or a session continuation (i.e., PðcontinjTIÞ) given the evidence of a time interval
belonging to a particular section, respectively. If the reader calculates the total number of intra-
plus inter-session TIs in the last row, s/he will find that the number is equal to the difference
between the total number of activities in the training collection and the number of IP addresses in
the training collection. This is due to the fact that the collection is an agglomeration of many
individual sub-collections.

3.4. Search patterns

Many sessions contain several activities. If looking at the relation between two consecutive
activities ai and aiþ1 from the same user, we can summarise some mutually exclusive classes of
search patterns that users could have used in their searches. We associate these patterns with a
GBA between two consecutive activities from the same IP to facilitate the session identification.

• Browsing: the second activity aiþ1 requests for another set of results on the same query.
• Generalisation: the second activity aiþ1 is on the same topic as the first one ai, but seeking more
general information.

• Specialisation: the second activity aiþ1 is on the same topic, but seeking more specific informa-
tion.

• Reformulation: the second activity aiþ1 is on the same topic, but at least part of both queries in
the two activities are different.

• Repetition: the second activity aiþ1 is the same as the first one, but the pattern is not browsing.
• New: the second activity aiþ1 is on different topics.
• Relevance feedback: the second activity aiþ1 is generated by the system when the user selects the
choice of ‘‘related pages’’.

• Others: activity ai does not contain a query so cannot be allocated to any of the search patterns
above.

Since a session is associated with queries from the same role on the same topic, theoretically
only GBAs marked with New should be related to a session shift, and all other search patterns
should be associated with two activities from the same session. 5 Therefore, information of search
patterns would appear to be ideal evidence for session identification. However, due to the lack of
adequate information in the logs, there are errors in the process of automatic assignments of
search patterns. For example, new activities can easily be mixed up with reformulation activities.

5 We acknowledge that it is not that obvious for the Others pattern. For simplicity, we treat it the same as other

patterns except New.
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Therefore, we assign a probability value to each type of search pattern when it is used in auto-
matic session identification to indicate the chance of containing a session shift given the class.
We have developed an algorithm that can automatically assign a search pattern class to a given

GBA. It analyses the query part and the page number part of the CGI command line of each
search activity if two consecutive activities are from the same IP address. Most of the time, the
algorithm can identify the search pattern by examining the terms in the two queries. These terms
are not stemmed because we did not find a significant difference between using original terms and
using stemmed terms. The detail of this algorithm can be found in Fig. 4.
Although this algorithm seems primitive, it has achieved high accuracy in assigning the Brows-

ing, Generalisation, Specialisation, Repetition and Relevance feedback patterns when it is applied
to the training collection, but is less accurate when handling Reformulation, New and Others.
Table 2 shows the results of this module applied to the training collection. The second column

displays the numbers of GBAs within a session that are assigned to each search pattern, whereas

Fig. 4. The algorithm used for identifying the search patterns.

Table 2

Statistical data based on search pattern

SP classes Intra-session FSP Inter-session FSP P ðSPÞ P ðshiftjSPÞ P ðcontinjSPÞ
Browsing 2024 0 0.4820 0 1

Generalisation 121 0 0.0288 0 1

Specialisation 286 0 0.0681 0 1

Reformulation 280 15 0.0703 0.0508 0.9492

Repetition 404 0 0.0962 0 1

New 312 605 0.2184 0.6587 0.3413

Relevance feedback 9 0 0.0021 0 1

Others 138 5 0.0341 0.0350 0.9650
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the third column presents similar information but for inter-session GBAs. The column of P ðSPÞ
shows the distribution of GBAs in each search pattern among all the GBAs that have been given
a pattern. The last two columns display the probabilities of having a session shift P ðshiftjSPÞ and
that of a session continuation P ðcontinjSPÞ given each pattern, respectively.
In Section 5, we will discuss how these two sources of evidence, namely ‘‘time interval’’ and

‘‘search pattern’’ evidence can be combined. Prior to that, however, we will present some related
work in the literature.

4. Related work

The related work lies in several areas of Web retrieval research. These include studies on users’
retrieval activities, on users’ navigation behaviours, on search patterns and on evidence combi-
nation. We are going to review the first three areas in this section, and leave the last one in Section
5 after the brief description of Dempster–Shafer theory.
Studies on users’ retrieval activities through analysing Web logs explicitly or implicitly group all

activities for one user (if registered) or one IP address into a session (Jansen et al., 1998; Jones,
Cunningham, & McNab, 1998). The appropriateness of grouping these activities under one ses-
sion is debatable in our situation, particularly where the time span is large. Additionally, one
could argue that the final cut-off point for logs is usually arbitrary and the logs could just as well
be split into several different batches.
Two studies about Web users’ navigation behaviour, Catledge and Pitkow (1995) and Cooley

et al. (1999), adopt time interval as their means for dividing page accesses from each user into
individual sessions. In their work, they call time interval timeout. Catledge and Pitkow (1995)
found a 25.5 min time interval based on their user experiments in 1994. However, they do not
refer to the reasons behind choosing that particular time interval, and in any case the users’
navigation patterns may have changed over the last seven years. More importantly, their work is
about users’ navigation behaviour, and does not include activities derived from using Web search
engines.
Lau and Horvitz (1999) define search patterns as query refinement classes. They have identified

seven classes but they mix Relevance feedback with the class of Others and do not include a
Browsing class. Their work included manually tagging classes to search activities, and did not use
the classes as a resource for session identification.

5. Using evidence combining in automatic session identification

5.1. Brief description of Dempster–Shafer theory

Dempster–Shafer theory is a method of inexact reasoning. It is based on work done originally
by Dempster then extended by Shafer (1976). The theory assumes that there is a fixed set of
mutually exclusive and exhaustive hypotheses or propositions called the frame of Discernment H.
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Each hypothesis or proposition has a degree of belief called a basic probability assignment or mass
function m and has the properties:

mð/Þ ¼ 0 and
X

X�H

mðX Þ ¼ 1:

Dempster–Shafer theory uses the amount of belief that has not been committed to the subsets
of H as the basic probability assignment to set H. That is,

mðHÞ ¼ 1�
X

X�H

mðX Þ:

The rule combining evidence is called Dempster’s rule. Suppose we are interested in combin-
ing evidence for hypothesis H, and we have two independent sources of evidence m1 and m2,
Dempster’s rule tells us that their combination can be defined as follows:

m1& 2ðHÞ ¼
P

X ;Y�H;X\Y¼H m1ðX Þm2ðY Þ
1�

P
X ;Y�H;X\Y¼/ m1ðX Þm2ðY Þ

:

When there is no uncommitted confidence left for each evidence, e.g. mðHÞ ¼ 0, Dempster–
Shafer theory will be equal to the probability theory of calculating the probabilities of two in-
dependent events.

5.2. Combining evidence by using Dempster–Shafer method

The evidence combining method that we propose is not new in the information processing
community. Both Jose (1998) and Aslandogan and Yu (2000) have used Dempster–Shafer method
in image retrieval, where the evidence from both images and captions are combined to improve
the performance of their retrieval systems. Diogenes, the image retrieval system Aslandogan and
Yu (2000) built, comfortably outperformed some well-known commercial and research prototype
image search engines. Even though the Dempster–Shafer method has demonstrated its advantage,
as far as we know, it has not been used in session identification yet.
We have two sources of evidence: the evidence relating to time intervals, annotated by MTI, and

the evidence relating to search patterns, annotated by MSP. Since the analysis of time intervals
does not affect the assignment of search patterns and vice versa, the independence assumption of
the two pieces of evidence required by the theory holds.
When Jose (1998) and Aslandogan and Yu (2000) applied Dempster–Shafer theory in image

retrieval, their task was to decide whether or not an image in a collection is relevant to the
searcher’s information need. In that application, the score of an image is calculated across the
collection. Therefore, it is reasonable to transfer the uncommitted belief for the relevance of an
image to the judgements of other images in the collection. As a result, suppose there is a collection
of n images, the frame of discernment in their approach has been defined as H ¼ fR1; . . . ;Rng,
where Ri: Image i is relevant to the searcher’s information need. The judgement on each image then
has to wait until the scores of others images have been calculated.
The situation is different in our application. Although the judgement on whether a GBA

contains a session shift or a session continuation could depend on the judgements of other GBAs,
the two pieces of evidence used in our current approach relate solely to a single GBA. That is, the
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judgement on one GBA in our current approach would not affect the chances of other GBAs
containing a session shift. Therefore, it is appropriate to keep our belief of the judgement on one
GBA at that GBA, and spread the belief between the commitment of the GBA containing a
session shift and that of it containing a session continuation. As a result, the frame of discernment
in our approach is H ¼ fPs; Pcg, where

Ps: GBA Si contains a session shift.
Pc: GBA Si contains a session continuation.
This way of defining the frame of discernment allows the judgement on each GBA in our

approach to be made immediately after the probability of that GBA is calculated. This has ad-
vantages in real time applications of automatic session identification, such as adaptive informa-
tion retrieval systems. In these systems, the decision as to whether the current query is within the
same session as previous queries has to be made on-the-spot in order to achieve adaptation.
The analysis of each evidence generates a set of conditional probabilities associated with the

two propositions (see Sections 3.3 and 3.4). When converting the probabilities into the basic
probability assignments, a weight Wi is used to express our confidence of using that evidence in
session identification. The basic probability assignment is then the product of the conditional
probability and the corresponding confidence weight Wi :

miðPsÞ ¼ PðshiftjiÞ � Wi ;

miðPcÞ ¼ P ðcontinjiÞ � Wi ;

where i is TI or SP.
The confidence weight allows some part of probabilities being reserved in the basic probability

assignment associated with H, and can be transferred to other evidence. The calculation of miðHÞ
are

mTIðHÞ ¼ 1� mTIðPsÞ � mTIðPcÞ;
mSPðHÞ ¼ 1� mSPðPsÞ � mSPðPcÞ:

Since there are only two propositions in H, Dempster rule in our situation can be written as
follows:

mTI& SP ¼ mTIðPsÞmSPðPsÞ þ mTIðPsÞmSPðHÞ þ mTIðHÞmSPðPsÞ
1� ðmTIðPsÞmSPðPcÞ þ mTIðPcÞmSPðPsÞÞ

:

To convert the combined scores into binary decisions, we introduce a threshold Tshift. A GBA is
marked to contain a session shift when its score exceeds the threshold. The algorithm of automatic
session identification now can be defined as in Fig. 5.

5.3. Training results

After the basic statistical data has been gathered, the performance then depends on three pa-
rameters: the two confidence weights WTI and WSP and the threshold Tshift.
To measure the performance of the algorithm, we have adapted a set of commonly used

measures 6 (Yang, 1999) in the context of session identification. They are:

6 The reference mentioned contains a survey of measures developed by other researchers.
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• Precision:

P ¼ Nshift& correct

Nshift þ Ncontin

;

where Nshift and Ncontin are the numbers of GBAs that are marked to have a session shift and
a session continuation, respectively, whereas Nshift& correct represents the number of GBAs that are
correctly marked to have a session shift.
• Recall:

R ¼ Nshift& correct

Ntrue shift

;

where Ntrue shift means the number of GBAs marked to have a session shift by human experts.
• Fb:

Fb ¼ ð1þ b2ÞPR
b2P þ R

;

where b is a weight to control of the emphasis on precision or recall.

We use Fb as the measure of the performance because it considers both precision and recall
simultaneously. In the equation, b is set to be 1.5 as we want more emphasis on the recall measure.
A high recall corresponds to less sessions being incorrectly grouped together. There are two types
of error in session identification. Activities on the same topic could be wrongly divided into
different sessions (a Type A error). Alternatively, activities on different topics could be incorrectly
grouped together into one session (a Type B error). Since we want to infer users’ contextual in-
formation from the identified sessions, Type B errors would do more damage than Type A errors.
The training was performed with a Genetic Algorithm adapted from Mitchell (1997, p. 251), in

which the two confidence weights and the threshold are treated as three genes of a chromosome.
The population of the chromosomes was set to be 50, the fitness function was the value of Fb

measure, the number of total iterations was 500, chromosomes were probabilistically selected for
crossover and the crossover rate was 0.02 with the mutation rate 0.01. Our training results show
that the performance of the session identification approach achieves the best Fb measure of 0.8519
(e.g. P ¼ 0:6543 and R ¼ 0:9840) when the threshold Tshift ¼ 0:345 and the two confidence weights
are WTI ¼ 0:864 and WSP ¼ 0:936.

Fig. 5. The algorithm for combining evidence in session identification.
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6. Evaluation and discussion

We evaluated the approach on the test collection to examine its performance. The results in-
dicate that our approach performed very well in the test collection (see Table 3). The high recall
and good precision values reported above in the last section also carries over to the test collection.
Since our approach can provide very high value at recall, the identified sessions by this means
have good accuracy to be applied in modelling Web users and their contextual information.
We also performed a comparison study between the approach of combining evidence and the

approach that users’ time interval only for session identification. The time intervals used in the
evaluation are in the range 8.6–15 min as Goker and He (2000) find that using time intervals
between 10 and 12 min can produce the lowest number of errors. Table 3 shows the results of
the comparison. Clearly, the evidence combining approach performs significantly better than the
method using time interval only. However, if search pattern information alone is used then the
improvement is not as great. Search pattern information by itself can provide good results. In this
particular case focusing on accurately identifying the New search activities would be an appro-
priate strategy. However, small improvements can nevertheless be gained by including time
pattern information and there may be situations where this is important.

7. Conclusion

In this paper, we have described a principled approach to identifying user sessions based on two
sources of evidence time interval and search pattern obtained from analysing a large batch of Web
search logs. We explained our motivation of this work, that is, to facilitate the usage of contexts
behind Web users’ searches. Our method has been evaluated on the test part of the Reuters log
collection and has been compared with a frequently used method based on predefined time in-
tervals. The results demonstrate that this approach can achieve the desired high recall measure
accompanied by a reasonable precision measure. This means that the identified sessions provide
good sources for analysing the contexts.
Further experiments are planned on an Internet search log collection to verify the performance

of this method on a wider range of user population. In addition, we are investigating the use of
clustering techniques to achieve a better understanding of the similarity between two consecutive
activities. The last but not least step is to analyse and exploit users’ search contexts based on our
results of session identification, and deploy users’ contexts in improving Web searches.

Table 3

The evaluation results of the new approach and the approach using time interval only

Precision Recall Type A Type B Fb

New approach 0.5955 0.9815 396 11 0.8183

SP alone 0.5985 0.9663 385 20 0.8127

TI¼ 8.6 min 0.6532 0.6818 215 189 0.6727

TI¼ 10 min 0.6834 0.6650 183 199 0.6706

TI¼ 12 min 0.7063 0.6397 158 214 0.6588

TI¼ 15 min 0.7335 0.6162 133 228 0.6481
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