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Session characteristics taken from large transaction logs
of three Web search environments (academic Web site,
public search engine, consumer health information por-
tal) were modeled using cluster analysis to determine
if coherent session groups emerged for each environ-
ment and whether the types of session groups are similar
across the three environments. The analysis revealed
three distinct clusters of session behaviors common to
each environment: “hit and run” sessions on focused
topics, relatively brief sessions on popular topics, and
sustained sessions using obscure terms with greater
query modification. The findings also revealed shifts in
session characteristics over time for one of the datasets,
away from “hit and run” sessions toward more popular
search topics. A better understanding of session char-
acteristics can help system designers to develop more
responsive systems to support search features that cater
to identifiable groups of searchers based on their search
behaviors. For example, the system may identify strug-
gling searchers based on session behaviors that match
those identified in the current study to provide context
sensitive help.

Introduction

Transaction logs of Web search environments can pro-
vide investigators with a wealth of data for analysis to better
understand user search behavior without subjecting users
to controlled laboratory experiments. Within these logs are
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records of query content and search actions that may be stud-
ied for patterns. Typically, research to date into user searching
of Web sources has revealed that users’ interactions with
search tools are brief and the users do not put much effort
into their search and browsing behavior (Spink, Wolfram,
Jansen & Saracevic, 2001). Research has revealed that the
majority of Web queries are short and reiterated unsystem-
atically using naïve search strategies (Wang, Barry, & Yang,
2003). Yet, the number of Internet users continues to grow.
These users bring a range of search expertise. Many users still
may be novices as information consumers when it comes to
searching for more complex and diverse content. To assist
users, system developers and search intermediaries would
benefit from knowledge of patterns of usage behavior, if they
can be identified.

Analysis of Web search activities can be undertaken at
several different levels of granularity that provide different
perspectives on searcher populations or information retrieval
(IR) system usage. At the most fundamental level, one can
examine the terms (or individual searchable words) entered
by users and their frequencies of use (Silverstein, Marais,
Henzinger, & Moricz, 1999; Wolfram, 1999). Next, one can
examine query characteristics, including the relationships
and patterns among terms, which can be useful for sub-
ject analysis (Jansen, Spink & Saracevic, 2000; Wolfram,
2000). More generally, one can study user session charac-
teristics, where sessions comprise one or more consecutive
queries from the same identifier and may be further bounded
based on changes in the topicality of submitted queries or
temporal boundaries of inactivity between query submissions
(He, Göker, & Harper, 2002; Spink & Jansen, 2004). Finally,
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the regularities that exist among groups of sessions that allow
generalizations of search behaviors to be revealed also may
be studied (Chen & Cooper, 2001; Shaaban, McKechnie &
Lockley, 2003).

Transaction logs can be used to compare search patterns
across different examples of similar search systems, such as
public search engines that cater to broad audiences (Jansen &
Spink, 2005). Logs may also be used to compare patterns
across different types of IR system environments, such as
bibliographic search systems, public search engines, and
online public access catalogs that cater to different audi-
ences (Wolfram, 2008). These logs can also be used to
track changes in patterns over time when sufficient longi-
tudinal datasets are available (Blecic, Dorsch, Koenig, &
Bangalore, 1999).

Although, conceptually, the units of analysis (terms,
queries, sessions, user groups) may be easy to compre-
hend, their operationalization, particularly at the session
level, can be more challenging. One of the challenges
associated with analyzing server-side search logs is the
identification of the boundaries of a single interaction ses-
sion (Silverstein, Marais, Henzinger, & Moricz, 1999;
Montgomery & Faloutsos, 2000; He, Göker, & Harper, 2002;
Jansen, Spink, Blakely, & Koshman, 2007). This is compli-
cated by the fact that most transaction logs do not record
uniquely identifiable information about searchers or their ses-
sion boundaries, unless there is a specific log in requirement,
which is not the case for most publicly available Web-based
search environments.

Queries submitted in a session characterize the interac-
tions carried out by the searcher. Session-based analysis can
provide understanding of three dimensions of user behav-
iors: (a) interaction behaviors, by analyzing the length of
a search session, the number of reiterations, and manip-
ulation of results; (b) linguistic behaviors, by analyzing
queries that represent needs, subsequent queries that revise
the original query, and structural variations of the queries;
and (c) underlying thoughts for the search actions. (As an
example, the revision of a previous query by capitalizing
names, which suggests that the searcher has hypothesized
that the case mattered in the formulation of queries.) By
analyzing a single user’s search session consisting of reiter-
ated queries, we are able to identify which terms or concepts
were submitted to express information needs and how the
terms were related. If two terms cooccurred in a query, there
was an association between them. We assume that frequen-
cies of term cooccurrence indicate the strength of associations
between terms. Session-based in-depth analysis can reveal
the searcher’s knowledge on the topic, which can be depicted
using nodes representing the query terms and links represent-
ing term associations; the strength of the association between
terms can be measured by frequency of cooccurrence. This
graph is known as a concept map of the searched topic
(Wang, 2006).

As part of the authors’ larger set of goals for a project
to develop models of user search behavior in Web-based
environments, this paper reports on the analysis of three Web

query corpora to reveal search session patterns that may be
used to identify distinct groups of sessions. Attributes associ-
ated with sessions (e.g., query characteristics, time intervals
between queries, session length or number of queries per ses-
sion) represent complex interactions for which patterns may
not be readily apparent from descriptive summaries of indi-
vidual search attributes. (Note that search patterns may also
be studied using click through or pages visited data. These
were not available for the datasets used.) Using exploratory
analysis of transaction logs from three Web search envi-
ronments, each catering to a different type of audience, the
authors shed light on three research questions:

1. Are identifiable and coherent groups of session patterns
evident in the logs based on limited search characteristics?

Previous research has demonstrated that dis-
tinct groups may be identified (Chen & Cooper,
2001), but by using a rich transaction log consist-
ing of dozens of usage characteristics. However,
with some transaction logs, only a limited num-
ber (i.e. fewer than 10) of such characteristics
may be available.

2. Do identified groups differ across the three investigated
environments?

To date, studies have descriptively compared
search characteristics across different examples
of Web-based search engines (Jansen & Spink,
2005) or different types of IR systems (Wolfram,
2008). However, no research has examined
whether similar groups of session characteristics
may be found across different types of IR sys-
tem environments (e.g., public search engine,
specialized search service, academic Web site
search system).

3. Do search session patterns change over time?
Similarly, a number of transaction log analy-
sis studies have examined general query and
session characteristics of search sessions over
time (Blecic, Dorsch, Koenig, & Bangalore,
1999; Spink, Jansen, Wolfram & Saracevic,
2002; Wang, Berry, & Yang, 2003) but have not
examined whether identifiable groups of session
characteristics change over time.

Literature Review

The study of Web search characteristics has been under-
taken for over a decade, involving different Web-based
services. These have included online public access cata-
logs (Cooper, 2001), vendor-based bibliographic and full
text databases (Wolfram & Xie, 2000), academic Web sites
(Wang, Berry, & Yang, 2003), and Web search services
such as AltaVista (Silverstein, Henzinger, Marais, & Moricz,
1999), Excite (Spink, Jansen, Wolfram, & Saracevic, 2003),
and Fireball (Hoelscher, 1998). Early studies were largely
descriptive, reporting characteristics of searches, sessions,
and users. More recent studies have relied on data and
text mining techniques to discover patterns of usage and to
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develop models of user behavior. The number of studies pub-
lished since the mid-1990s on Web search transaction log
analysis has been sizeable. The focus of this review will be
on studies that reveal underlying characteristics of user search
patterns using mathematical modeling or exploratory statis-
tical methods (i.e., clustering or visualization methods) on
transaction log contents.

Baeza-Yates, Hurtado, Mendoza, and Dupret (2005) pro-
posed several mathematical models for describing user ses-
sion search and usage behavior using a Chilean search engine.
They presented a predictive model for the number of clicks
per session, a Markov model of click behavior, and a model
for the time distribution between clicks to demonstrate the
feasibility of applying different methods for behavior predic-
tion. In a similar vein, Hu, Zeng, Li, Niu, and Chen (2007)
developed a model to predict Web user age and gender based
on known demographics and similar Web site visitation pat-
terns using a Bayesian network approach. The authors were
able to obtain almost 80% accuracy on gender identification
and just over 60% accuracy for five different age groups, indi-
cating that demographic prediction is feasible. More recently,
Sadagopan and Li (2008) used Markov models of clickstream
Web usage data to identify atypical search sessions (i.e., more
mechanical, illogical sequences). With a better understand-
ing of which sessions are not representative of typical session
behavior, the authors hoped to improve the robustness of data
mining techniques of user sessions. The authors concluded
that their method was 89% effective in identifying atypi-
cal sessions that simply contribute “noise” to the analysis
of user sessions.

Techniques for summarizing regularities of search behav-
ior observed in large datasets using agglomerative techniques
have been developed by several researchers at the query
level. Beitzel et al. (2007) have proposed that categoriza-
tion and classification of user queries can lead to increased
effectiveness and efficiency in general-purpose Web search
systems. They investigated properties of a very large query
log from AOL over a 6-month period and were able to iden-
tify and examine topical trends over different time periods.
Most topical categories exhibited flat behaviors when aver-
aged over the length of the study. Some topics demonstrated
diurnal variability (e.g., personal finance was found to be
more popular in the morning). Other topics, like holidays,
demonstrated longer swings on a monthly scale. An agglom-
erative clustering algorithm was developed and applied by
Beeferman and Berger (2000) to both search queries and rel-
evant Web pages in a transaction log to discover potential
query clusters. They demonstrated the feasibility of using
their developed agglomerative clustering for Web mining at
the query level but acknowledged the potential computational
burden associated with the method. The ultimate applica-
tion proposed for the technique was to develop a clustering
method for Web pages that could then be matched to user
queries.

Similarly, Wen, Nie, and Zhang (2001) studied the rela-
tionship between a search query and selected Web pages, in
conjunction with query contents, to develop an algorithm to

categorize queries in a transaction log. The method was out-
lined and demonstrated with several examples but was not
applied to a large dataset. Ross and Wolfram (2000) used
hierarchical cluster analysis and multidimensional scaling
on query term pairs for multiterm queries on a query log
from the Excite search engine to identify clusters of topics
based on term cooccurrences. They identified popular general
search topics based on the frequency of cooccurring terms at
different levels of topical aggregation. High level clusters in
the hierarchy, represented broad topics such as adult-oriented
material, computer technology, education, products and ser-
vices, formal information needs, and informal information
needs. More recently, Nowick, Eskridge, Travnicek, Chen,
and Li (2005) applied cluster analysis to user queries submit-
ted to a water quality information system. The authors’ goal
was to develop a user-centered perspective of the resource
information space so that a future system could then suggest
additional search terms.Although not specifically undertaken
as a transaction log study, they demonstrated an application
of query characteristics to extend the functionality of a Web
search environment.

Session-level analysis of transaction logs using cluster-
ing techniques has also been undertaken. Chen and Cooper
(2001) used large-scale cluster analysis methods to detect
usage patterns in Web-based OPAC search sessions based on
47 session variables (e.g., session length in seconds, aver-
age number of items retrieved, average number of search
modifications). Their analysis revealed six clusters, which
represented different types of search behaviors, including
unsophisticated usage, knowledgeable usage, and known-
item searching. Huang, Ng, Cheung, Ng, and Ching (2001)
identified navigational patterns within sessions using clus-
ter analysis on two government Web server transaction logs.
They developed a cube (i.e., three dimensional) model of
searcher browsing behavior that focused on browsing and
page requests. However, the authors do not appear to have
included query characteristics. Based on the analysis, the
authors found that clusters with well-defined characteristics
were usually quite small given the complexity of session
characteristics. Similarly, Shaaban, McKechnie, and Lockley
(2003) relied on cluster analysis techniques to identify
groups of session behaviors on an architectural, engineer-
ing, and construction information system. They identified
four clusters of behavior: exploratory, interactive sessions;
knowledgeable searcher sessions; specific item searches with
help-intensive behavior; and passive sessions with unsuccess-
ful, short seeking episodes. In a pilot study to the present
investigation, the authors performed a similar analysis on
subsets of three transaction log datasets (Wolfram, Wang,
& Zhang, 2007). This initial analysis on subsets of the data
revealed similar cluster outcomes for the datasets, represent-
ing a public search engine, academic Web site, and consumer
health information portal. Three to four primary clusters arose
from the analysis for each dataset.

Based on the findings of earlier studies and the demon-
strated applicability of clustering techniques for revealing
hidden patterns in usage that may be grouped, the current
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study performs a larger scale analysis using larger datasets
and includes a more longitudinal analysis.

Methodology

The transaction log datasets used in the present study
represent three different types of Web search environments,
representing a public search engine, a subject-specific search
system dealing with consumer health information, and an
academic Web site (Table 1). Other aspects of the datasets
have previously been analyzed elsewhere (Spink, Jansen,
Wolfram, & Saracevic, 2002; Zhang, Wolfram, Wang,
Hong, & Gillis, 2008). Note that only parts of the UTK dataset
have been analyzed earlier (Wolfram, Wang, & Zhang, 2007).

TABLE 1. Transaction log dataset general characteristics.

Query set Time frame Size (queries) Available fields Comments

Academic Website (University of 2 years – 2003–2004 3.9M Date/Time This dataset contains
Tennessee-Knoxville) Complete dataset IP address queries entered into the

Query UTK search engine

General Search Engine (Excite) 2 datasets representing 622K & 587K, respectively Time Although relatively old,
one day each, collected Cookie these datasets represent
in 1999 and 2001 Identifier among the few that have
Incomplete dataset Results page been made publicly

requests available to researchers
Query

Consumer Health Information 1 year – 2005 377K Date/Time HealthLink is a consumer
(HealthLink) Complete dataset IP address health information portal

(encoded) that provides access to
Query thousands of full text

articles on a range of
health topics

FIG. 1. Database structure used for the query data.

This study represents the first full treatment of the data for
2003–2004.

Transaction log files were stored in MS Access and SQL
Server databases. Queries were initially parsed for individual
terms based on alphanumeric starting characters. Terms were
delimited using spaces and other non-alphanumeric charac-
ters. The database structure used to house the data is depicted
in Figure 1. Note that not all fields were available for each
dataset. For further details, see Wang et al. (2007).

Session Identification

To study Web search behaviors, one must examine not
only individual queries, but also groups of queries (sessions)
submitted by users. With most transaction logs, sessions
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are usually identified using a client-side “cookie” assigned
to a given machine or an Internet Protocol (IP) address.
Technically, they represent a specific computer, or group
of computers, sharing an IP address and not an individual.
Disambiguation of searchers in these situations is at best dif-
ficult. Different computers may share the same IP address or
a public computer with multiple users may record sessions
by different searchers in close temporal proximity. As a con-
sequence, queries with the same identifier are assumed to
represent queries from one searcher. For the present study, a
session, is defined as a set of one or more consecutive queries
attributed to the same identifier where the time between adja-
cent queries does not exceed a cutoff value.A cutoff value is a
threshold for a query interval, or time between two temporally
adjacent queries by the same identifier. Two temporally adja-
cent queries belong to the same session if the query interval
value is less than the cutoff value; otherwise, the two queries
belong to two adjacent sessions.

One of the challenges for analyzing server-side search
logs is the identification of the boundaries of a single ses-
sion of interactions (Silverstein et al., 1999; Jansen, Spink,
Blakely, & Koshman, 2007). Typical Web query log files may
include interleaved searches that are the product of differ-
ent searchers or multiple simultaneous search windows by
the same searcher (Pass, Chowdhury, & Torgeson, 2006).
Search logs by Internet providers may have subscriber’s IDs
in the logs. However, it is still difficult to disambiguate ses-
sions if the searcher conducted multiple sessions for different
topics or if different searchers shared the same account,
which is typical in home networking settings or public access
computers in libraries.

Methods for session boundary detection have been pro-
posed based on the subject analysis of queries (Huang,
Peng, An, & Schuurmans, 2004; He, Göker, & Harper,
2002) and temporal characteristics of queries (He & Göker,
2000; Murray, Lin, & Chowdhury, 2006). Subject analysis of
queries can be performed manually, but it is impractical and
difficult for large datasets, potentially subjective, unreliable
for short queries, and does not take into account that users may
engage in multiple search topics in a given session. Subject
analysis can also be performed automatically using statistical
language modeling and machine learning techniques. Huang
et al. (2004) acknowledged that outcomes are largely defined
by the parameters used by the researchers. Özmutlu and
Çavdur (2005) replicated He, Göker, and Harper’s method for
automatic topic identification using Excite query data. They
concluded the method’s performance was limited because
users submit few queries and search on multiple topics, for
example. However, the authors also saw value in using query
patterns and time intervals for this purpose.

The application of temporal characteristics has been used,
for example, by Murray, Lin, and Chowdhury (2006). Their
method assumed a minimum of 20 queries per identifier from
which large gaps in inter-query times (i.e., a long period of
time between queries submitted by the same identifier) are
located to indicate session boundaries. The temporal limits
used to define session boundaries have varied considerably

across studies. Montgomery and Faloutsos (2000) relied on a
limit of 120 minutes of inactivity among Web browsing
activities to identify session boundaries for data collected
nationally by over 20,000 Web users during a 30-month
period. Spink and Jansen (2004) concluded that most Web
search sessions lasted about 15 minutes, with a substantial
percentage lasting less than 5 minutes (p. 121). Similarly,
Göker and He (2002) suggested that an optimal session
boundary interval is 11 to 15 minutes. Baeza-Yates et al.
(2005) used several criteria for session boundaries: excluding
empty query instances, excluding queries without document
selection, and using a threshold value of 15 minutes to define
a session; that is, if a user (IP) submitted a query 15 minutes
or less after the last click, he or she started a new session.
Huang et al. (2001) suggested a boundary interval of 30
minutes for the two government search systems they stud-
ied (NASA Kennedy Space Center, EPA). The rationale for
recommended boundaries is not always apparent, and it is
clear the interval will be dependent on the characteristics of
the dataset.

More recently, Jansen, Spink, Blakely, and Koshman
(2007) compared three methods for identifying sessions:
(a) IP address and cookie; (b) IP address, cookie, and tem-
poral limit; and (c) IP address, cookie, and query patterns.
They noted that the third method resulted in the best match
when compared with a human assessment of query session
assignment. The authors also defined two concepts related to
a session: session length as the number of queries and ses-
sion duration as the period between first query and last query
associated with the same session.

Many options, therefore, have been proposed to estimate
session boundaries. The method developed by Murray, Lin,
and Chowdhury (2006) appeared promising. However, based
on the number of queries associated with each identifier data
for all datasets in the current study, the average number of
queries associated with each identifier was far below this
threshold. Less than 1% of queries associated with a given
identifier for the Excite and HealthLink datasets were eligible
for this method.

To establish a consistent method of applying session
boundaries for the current study, two assumptions were
made. First, sessions were assumed not to span multiple days
because few queries are submitted around midnight. This
decision was concluded to be reasonable for the University of
Tennessee (UTK) and consumer health information corpora
because the number of queries from the same IP addresses on
the same day submitted between 5 minutes prior and 5 min-
utes after midnight is extremely small. Each Excite dataset
was collected on the same day, so this was not an issue. Sec-
ond, the characteristics of each dataset were used to determine
session boundaries. For the present study, the characteristics
of the dataset of the different query corpora were taken into
account, along with the skewing effect of long query intervals
resulting from two queries submitted by the same identifier.
Ideally, for the latter, the two queries should be assigned to
the same session. Spink and Jansen (2004) noted that the
mean session time associated with an identifier was more
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than 2 hours for some search engine datasets, but most ses-
sions lasted less than 15 minutes (p. 121). Users may engage
in search activities for a lengthy period of time, but if there is
a long period of inactivity, it is reasonable to treat any subse-
quent query as the beginning of a new session, although it is on
the same topic. Earlier studies (Jansen, Spink, & Saracevic,
2000; Spink, Wolfram, Jansen, & Saracevic, 2001) treated all
queries associated with the same identifier as being part of the
same session. This may be reasonable for datasets collected
over a short period, as was the case for the Excite data used
in those studies. However, one would be hard-pressed to con-
clude that a gap of considerable time in relation to all gaps for
query submissions would be a result of continued browsing
without additional query submissions, particularly if queries
associated with the same identifier were many hours, days,
or even months apart within the same log.

Another way to identify a suitable cutoff is to examine the
characteristics of the query intervals to study how different
cutoffs affect resulting session lengths. The identified value
should not underestimate the number of queries per session,
as this will result in a higher number of short sessions with
brief query intervals. Similarly, the identified value should
not overestimate the session length with the inclusion of
lengthy query intervals that actually represent the boundaries
of two adjacent sessions associated with the same identi-
fier. This would be the case if all queries associated with
an identifier were assumed to be part of the same session.
Wang et al. (2007) and Wolfram (2008) found that as cutoff
times increased for session boundaries, there was a logis-
tic (S-shaped) relationship with the average session length
where average session lengths increased nonlinearly but with
decreasing growth at the high end of the distribution. A rea-
sonable cutoff would be associated with diminishing changes
in the average session length with increases in query intervals.
Relying on a cutoff value from the region of the distribu-
tion where the rate of increase drops provides a compromise
between cutoff values that would result in average session
lengths that are greatly affected by small changes in cutoff
times and session lengths that are too large because the high
cutoff value permits the inclusion of queries from adjacent
sessions. Wang et al. observed for the subsets of the Excite,
HealthLink, and UTK datasets used in an earlier investigation
that the 70th and 80th percentile cutoffs for the datasets rep-
resented a two- to five-fold increase in time, but only resulted
in approximately a 10% to 17% increase in the average ses-
sion lengths. Therefore, the differences in average session
length were not largely affected by relying on a cutoff higher
in the distribution. Lower level cutoff values resulted in much
larger changes in average session length with smaller changes
in cutoff times. Although not an ideal solution, the consid-
eration of a cutoff point based on changes in the average
session length takes into account the characteristics of each
dataset. Also, this method addresses the obvious query inter-
val outliers that extend across many hours. These outliers can
skew the average session lengths and query intervals, which
would result in an overestimation of the number of longer ses-
sions. However, as with the other approaches used for session

boundary detection summarized above, this method cannot
address the possibility that several computers and searchers
are sharing the same IP address, or that a single searcher may
be relying on multiple browser windows to engage in parallel
search sessions whereby interwoven queries will be logged.

Identifying Groups of Sessions

Identifying patterns inherent in large datasets is challeng-
ing. As outlined in the literature review, exploratory methods
have been developed to identify common characteristics in
datasets that allow observations to be grouped together. Clus-
tering techniques, in particular, have shown promise for the
identification of distinct groups of sessions (Chen & Cooper,
2001; Shaaban, McKechnie, & Lockley, 2003). Cluster anal-
ysis can be used for several purposes, including hypothesis
generation and the investigation of conceptual schemes to
group things (Aldenderfer & Blashfield, 1984, p. 9). The
most frequent use of clustering methods is for the creation
of classifications or categories. This present research uses
this technique to reveal groups of sessions based on common
characteristics found within the session content.

With a consistent session boundary identification method
for each dataset, the investigators were able to apply a
method derived from Chen and Cooper’s study to cluster
sessions based on session characteristic similarities across
three different Web search environments. Briefly, the method
involves the following steps:

1. Identify characteristics associated with each term, query,
and session.

2. Select characteristics that provide a broad range of values
to distinguish sessions, both those that are readily avail-
able from the transaction logs themselves and those that
may be derived from the log data. These are limited by the
field data of the transaction logs. Up to 10 session vari-
ables calculated from the transaction logs were available
(Table 2).

3. Standardize the values for each characteristic for each
session using the mean and standard deviation of each
characteristic for each dataset.

4. Divide each dataset into two subsets of sessions to deter-
mine if similar clustering outcomes are produced. Similar
outcomes provide a measure of internal validity for the
clustering method applied to the data corpus.

5. Process each sample using exploratory cluster analysis.
6. Graph and visually inspect the outcome of each sample

for consistency.
7. Interpret the nature of the session characteristics associ-

ated with each cluster.

Based on the clustering outcomes, observations may be
made and conclusions drawn regarding the search patterns
within sessions, and users for each system, by implication.

Results

Session Cutoff Calculations

Each of the Excite and HealthLink datasets was analyzed
in its entirety. The size and extended time frame of the UTK
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TABLE 2. Available and derived session characteristics.

Name Description How calculated

Session length The number of queries
submitted per session

Average number of The mean number of terms used Total terms per session
terms used per query per query within a session divided by total queries

per session

Average term popularity The mean frequency of Total frequency of
occurrence of query terms occurrence of each query
across all queries within term divided by the total
the dataset number of terms in the

session

Average query interval The mean time between query Total query intervals in a
submissions per session (zero if session divided by the total
there is only one query in a number of queries
session)

Average term use The mean number of times Number of query tokens
frequency a given term is used during in a session divided

the session by number of query types
(i.e., unique terms) in
the session

Average number of The mean number of page Total number of page
pages viewed per query requests made during a requests made during a

session for a given query session divided by the
number of queries in
the session

Number of searches The total number of queries in
using Boolean operators a session that use one or more

Boolean operators (AND, OR,
NOT, +, −)

Average number of Each query token is compared Total number of unrecognized
unrecognized or against a standard dictionary. words in the session divided
nonstandard words If it is not found in the by the number of queries in

dictionary, it’s an unrecognized the session
term

Average number of Each query token is compared Total number of stopwords
stopwords against a standard dictionary in a session divided by

of stopwords. If it is found the number of queries in
in the dictionary, it’s a the session
stopword

Average term number Changes in the number of Total number of changes in
changes terms used in subsequent queries in a session divided by the

a session are tallied number of queries in a session

data allowed the investigators to divide up the data into six
smaller datasets representing 4-month intervals, correspond-
ing roughly to the semesters in the academic year, to permit
more of a longitudinal analysis. The frequency distributions
for all query intervals were tabulated for each dataset by tal-
lying the number of occurrences of each interval across a
dataset. Cutoff points representing the times for the 65th,
70th, 75th, 80th, 85th, and 90th percentiles of the query inter-
val data were identified based on the interval distribution. The
average session length for each cutoff point was then calcu-
lated by applying the cutoff point to the queries in the dataset
to identify session boundaries. As an example, if 500 seconds
represented the 60th percentile of the query interval distribu-
tion, then this was used as the cutoff to calculate the average
session length for this percentile. Query intervals associated

with the same identifier were then compared against the cut-
off with longer intervals representing boundaries between
adjacent sessions associated with the same identifier. Result-
ing session lengths were then tallied to calculate the average
session length. This was then repeated for the 65th, 70th,
75th, and so on, percentile of the data. Cutoff times and their
corresponding average session lengths were plotted and visu-
ally compared for changes in the slope of the distribution at
each data point. The selected cutoff value for each dataset
was adopted based on the largest change in the slope of the
distribution between data points.

As an example, Figure 2 shows the changes in average ses-
sion lengths for different cutoff percentiles for the HealthLink
dataset. The changes in the slope of the distribution are largest
between the 75th (122 seconds; average session length: 2.16
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FIG. 2. Distribution of average session lengths based on cutoff values.

queries) and 85th percentiles (1274 seconds; average ses-
sion length: 2.55 queries), after which there are diminishing
increases in the average session length. Therefore, the cutoff
time corresponding to the 80th percentile (229 seconds; aver-
age session length: 2.34 queries) was adopted as the session
cutoff between queries sharing the same identifier. A sum-
mary of the adopted cutoff times appears in Table 3. The
UTK datasets contain significant differences in cutoff times,
beginning at 1305 seconds and dropping to 496 seconds by
the last time period. Notably, however, the average session
lengths remain largely unchanged over the 2-year period.
These changes in cutoff time would not have been apparent
had the dataset been analyzed uniformly.

Cluster Determination

Each dataset was divided into two equally sized sam-
ples of sessions, comprising every second record. Sessions
within each sample were clustered to identify broad cat-
egories using the SPSS TwoStep cluster analysis feature.
Unlike traditional clustering methods, which do not scale
well to larger datasets (SPSS, 2001), the TwoStep analysis
is useful for very large datasets and allows for an optimal
number of clusters to be requested, or a specified number
of clusters. The routine initially preclusters data into several
dozen to several hundred subclusters using sequential clus-
tering (Theodoridis & Koutroumbas, 1999). The resulting
subclusters are then grouped into the desired number of

TABLE 3. Dataset session characteristics.

Mean
Cutoff Total session-length

System Dataset (seconds) sessions (queries)

Academic 2003 Jan–April 1,305 411,014 1.81
2003 May–Aug. 1,257 283,686 1.79
2003 Sept.–Dec. 558 252,691 1.86
2004 Jan–April 418 441,963 1.84
2004 May–Aug. 415 411,396 1.83
2004 Sept.–Dec. 496 350,934 1.83

General search engine 1999 809 385,145 1.62
2001 1,074 327,051 1.80

Consumer health information 2005 229 161,277 2.34

clusters using more traditional agglomerative hierarchical
clustering.

Not all of the session characteristics described in Table 2
were present in each dataset. For example, only the Excite
datasets included page requests associated with each query.
Also, not all characteristics contributed to stable cluster
outcomes. Those variables that did not contribute to the devel-
opment of stable clusters included the number of searches
that used Boolean operators, the average number of unrecog-
nized/nonstandard words, the average number of stopwords
used, and the average term number changes. These character-
istics were frequently zero and did not add any distinguishing
features for session patterns, and so they were not used in
the analysis. Those that were used and contributed to sta-
ble clusters in one or more of the datasets were the session
length, average terms used per query, average term popular-
ity, average query interval, average term use frequency, and
average pages viewed per query (only available for the Excite
datasets).

Analysis runs with fixed and varying numbers of clusters
revealed the most coherent patterns for all three environments
using three emergent clusters. Other numbers of clusters did
not result in the same cluster characteristics across each
group. Also, comparisons across the different environments
would be more difficult with differing numbers of clusters.
The resulting clusters from each environment demonstrate
common session characteristics across the systems.

To provide evidence in support of the validity of the clus-
ters, a systematic random sample of 200 sessions was drawn
from each dataset. A human judge was instructed to assign
each session to one of the three identified clusters based
on the cluster characteristics. The level of agreement in the
assignment of sessions to the identified clusters was between
66% and 70% for the datasets, indicating a reasonable match
between the automatic clustering method and the human
judge. One limiting factor was the human judgment of ses-
sion characteristics, particularly the average term popularity.
The average session length, query interval, and number of
terms used per query in relation to other sessions could be
assessed relatively easily. However, the human judge was
not in a position to readily assess the average term popular-
ity, because tens of thousands of query terms existed in each
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FIG. 3. Search engine—Excite 1999 cluster outcomes.

dataset and this assessment would need to be made for each
of the hundreds of terms in the session samples.

General Search Engine

The availability of two logs taken approximately a year
and a half apart presented the opportunity to determine if
shifts in session behavior could be determined between the
datasets. Figures 3 and 4 summarize the cluster outcomes for
the 1999 and 2001 datasets, respectively. Although the data
for these figures can be represented in a tabular format, the
use of line graphs allows the similarities between the samples
and the differences between the clusters to be more readily
interpreted. The y-axis of each figure represents the average
normalized value for members of that cluster. The content
of the data logs allowed six search characteristics to be used
as part of the analysis. Because the search characteristics are
measured in different scales, the normalized outcomes are
presented, where zero represents the average value for each
characteristic across all sessions.

In the pilot study for this research, the investigators
allowed the number of clusters to be determined by SPSS. The
resulting number of clusters was four, unlike the other two
environments that produced three stable clusters. It is possible
that the additional variables for cluster formulation avail-
able in the Excite data permitted finer distinctions between
clusters. To provide a more direct comparison between the

Excite 2001 - Sample A (163,526 Sessions)
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FIG. 4. Search engine—Excite 2001 cluster outcomes.

systems, the number of clusters for the Excite datasets was
fixed at three. The three clusters generated for both Excite
datasets demonstrate distinct types of session behaviors.
There are slight variations in the normalized mean values
between the samples and two datasets, but the “shape” of the
search characteristics for each sample is largely the same,
producing very similar figures. The largest cluster for both
datasets (C1), representing from 63.9% to 71.3% of sessions
per sample is characterized by below average standardized
values representing brief sessions (usually one query), with
few terms per query, usage of relatively unique terms, and
short query intervals. Essentially these are “hit and run” ses-
sions, usually incorporating infrequently used terms, in which
little effort and follow-up is undertaken in the form of mod-
ified queries. They may represent highly effective searches
where relevant results were found quickly, or possibly inef-
fective searches where the session was quickly abandoned.
Cluster C2 represents the smallest session category. It is
characterized by mid-range length sessions comprising long
queries using popular vocabulary, average re-use of terms in
subsequent queries, average length query intervals, and above
average numbers of results page requests. This cluster appears
to represent more focused searches on popular topics. Finally,
cluster C3, representing from 16.5% to 23.5% of sessions,
contains the longest sessions and query intervals with above
average re-use of terms in subsequent queries but consisting
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TABLE 4. Sample sessions representative of each cluster.

Time Query Total words Pages viewed

Academic Web site
Cluster 1 1/1/2003 3:00:00 p.m. death records 2
Cluster 2 2/5/2003 2:37:45 p.m. office of student conduct 4
Cluster 3 2/12/2004 4:29:22 p.m. human rights 2

2/12/2004 4:29:30 p.m. human rights 2
2/12/2004 4:32:41 p.m. definition of human rights 4
2/12/2004 4:32:54 p.m. acts of omission 3

General search engine
Cluster 1 06:29:16 a.m. “insightful quotes” 2 1
Cluster 2 07:14:31 a.m. russian financial shock 3 1

07:20:56 a.m. russia financial shock 3 2
07:24:46 a.m. russia financial crisis 3 1

Cluster 3 3:17:36 p.m. allentown 1 1
3:18:21 p.m. allentown map 2 1
3:27:19 p.m. milford square, pa 3 2
3:36:08 p.m. milford 1 1
3:36:34 p.m. milford pa 2 2
3:44:34 p.m. spinnerstown, pa 2 2

Consumer health information
Cluster 1 1/27/2005 2:25:29 p.m. uterine + fibroids 2
Cluster 2 4/10/2005 11:42:21 a.m. too + much + vitamin + c + 4

4/10/2005 11:42:32 a.m. risks + of + too + much + vitamin + c 6
Cluster 3 8/6/2005 2:36:37 p.m. stiff + neck 2

8/6/2005 2:36:53 p.m. neck 1
8/6/2005 2:38:47 p.m. cigarettes 1
8/6/2005 2:39:22 p.m. cigarettes 1

of infrequently used terms and a mid-range average number
of terms per query. Between the two datasets, the average
proportional representation of cluster C1 remains largely the
same whereas the size of clusters C2 and C3 increase and
decline, respectively. The only notable difference between the
two time frames is the decrease in difference in the average
number of pages viewed per query for cluster C2, indicat-
ing fewer differences in page browsing behavior over time
among the clusters.

Consumer Health Information Portal

Generated clusters for HealthLink exhibit the same char-
acteristics as the Excite data, although with only five search
variables used in the cluster generation (Figure 5). The pro-
portion of sessions in cluster C1 is similar to the Excite
datasets, but the percentage of more focused searches, rep-
resented by cluster C2, is higher (between 17.3 and 19.8%),
with a lower percentage in cluster C3 (between 12.7% and
12.9%). Notably, the normalized average query intervals for
cluster C3 are even higher for HealthLink, indicating an even
larger difference between the other clusters than observed for
the Excite datasets.

Academic Web site

The 2 years of academic Web site search log data per-
mitted a longitudinal investigation of session clustering. This
allowed us to address the third research question. The data log

was divided into 4-month intervals, corresponding roughly
to winter/spring, summer and fall semesters at UTK. Only
four search characteristics resulted in stable clusters (session
length, average terms used per query, average term popular-
ity, average query interval). The average term use frequency
characteristic, although available, did not produce enough
variability to be suitable for differentiating session clusters.
Similar outcomes were observed for the cluster characteris-
tics as in Wolfram, Wang, & Zhang (2007), although these
varied over time. Instead of plotting figures for each of the six
samples, each variable is plotted across the 2-year timeframe
for comparison.

The mean session length does not vary for any of the clus-
ters (Figure 6). Cluster C3 represents the longest sessions, as
it did for the Excite and HealthLink datasets. Both C1 and
C2 contain relatively short sessions. The average number of
terms used per query does not vary over time for cluster C3,
but it does vary somewhat for clusters C1 and C2 (Figure 7).
The mean values for the two clusters are very close; thus, they
can only be differentiated by other variables such as average
term popularity (Figure 8). For cluster C2 the plot demon-
strates an overall upward trend (slightly longer queries) over
this period, whereas for cluster C1, the plot displays an overall
downward trend (slightly shorter queries). The average term
popularity for clusters C1 and C3 does not change apprecia-
bly over the time frame, but it does decline for cluster C2
(Figure 8). Queries in cluster C2 relied on less frequently
used terms.
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HealthLink - Sample A (80,639 Sessions)
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FIG. 5. Consumer health information portal cluster outcomes.

Similar to session length, the average query interval does
not change across the six datasets for all clusters, with the
exception of an increase for cluster C2 in the final time period
(Figure 9). Cluster C3 contains, by far, the longest average
query intervals. These figures demonstrate that both the aver-
age session lengths and the query intervals did not change
over the 2-year time frame for the three clusters, but the aver-
age number of terms used per query and the average term
popularity did change for cluster C2, with longer queries and
less frequently used terms. In addition, the average number
of terms per query for C1 dropped slightly. It appears that the
sessions in cluster C3 represent the problematic and strug-
gling sessions that were on popular topics and reiterated over
and over again.

Figures 6 through 9 demonstrate stability and change in
the session variables but do not provide any indication of
proportional changes in cluster membership. The changes in
cluster membership, or the percentage changes in the distri-
bution of the clusters, are found in Figure 10. Membership in
cluster C3, which comprises the longest sessions and longer
query intervals, shows no changes over the 2 years. These
sessions represented a relatively constant percentage of all
sessions. What is particularly interesting is the 30% drop
in cluster C1, “hit and run” type of searches, whereas the
proportional representation of sessions within cluster C2,
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representing focused searches on popular terms, increased
approximately 30% during the 2-year timeframe.

Discussion

The analysis demonstrates there are common session
groups within each environment, although each system
caters to different audiences and very different query inter-
vals were observed, notably, the very brief query interval
associated with HealthLink, which was up to five times
shorter than some of the other datasets. Unlike more gen-
eral search services, HealthLink is targeted to serve only
searchers interested in health-related information. One could
surmise that this difference is because of the focused infor-
mation needs of HealthLink’s users, as well as the more
limited and specific database of content to which it pro-
vides access. The UTK Web site, conversely, that caters to
people interested in university-related information, although
still somewhat specialized, is more general than that of
HealthLink. A public search engine like Excite attracts a
much broader range of users with equally broad information

needs, as reported by previous analyses of general search
engine transaction logs (Spink & Jansen, 2004). Despite
these differences, and the fact that the average query interval
varied greatly among the systems, common session clusters
emerged across all three systems.

The ability to identify distinct session behaviors provides
insight into user searching and a clearer picture of overall
searching behaviors. Most sessions are brief, with little sus-
tained interaction across the three environments. The largest
cluster for each environment (C1), constituting the majority
of sessions for most of the samples, represented brief sys-
tem interactions with little effort in searching or time spent.
This cluster could be argued to represent sessions that use
naïve search strategies, as reported by Wang et al. (2003), or
they could represent focused searches on specific topics that
did not entail additional effort. Unfortunately, the transaction
logs themselves cannot reveal whether users who engage in
this type of session behavior found what they were looking
for, or if they gave up without modifying their queries.

The remaining clusters define two different types of ses-
sions. Sessions involving popular search topics (C2) make use
of lengthier queries than other session types but do not result
in lengthy sessions. The session cluster containing observed
lengthy sessions and long query intervals (C3) might be
indicative of purposeful, pensive searching but is also possi-
bly an indication that searchers are struggling. By submitting
short queries that do not bring about the sought-for items,
searchers must engage in additional browsing and search
modification to fill their information need; most notably,
the UTK data are the consistency in the relative size of
the C3 cluster, ranging from approximately 12% to 16%. If
this cluster does represent struggling searchers, then they do
not appear to be going away. For the Excite datasets, the
equivalent group represented just over 22% of the search
sessions for the 1999 dataset and just under 19% for the
2001 dataset. Similarly, this group represents 13% of sessions
for the HealthLink dataset. Each group comprises a sizeable
and persistent minority of search sessions that may repre-
sent tens of thousands of searchers. If a search system could
recognize the session characteristics of struggling searchers,
then systems could incorporate a proactive help feature that
assists searchers with recommendations for additional terms
to refine their queries. The clustering technique used repre-
sents a post hoc analysis of session characteristics, but real
time assessment may be undertaken without great computa-
tional overhead. A retrieval system could compare session
behaviors to characteristics observed for cluster C3 mem-
bers (e.g., lengthy sessions in relation to the average session
length with longer than average query intervals and relatively
obscure terms in relation to other sessions) and intervene after
a threshold of session characteristics has been crossed.

The longitudinal nature of the UTK data presented the
opportunity to examine changes in session characteristics
over time. The Excite datasets, although representing 2 sep-
arate days a year and a half apart, do not permit the same
continuity of investigation. The only observed difference
was the decline in normalized average number of pages
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viewed per query for cluster C2, indicating less variability
among the clusters for this session characteristic. Similarly,
1 year of HealthLink data and the comparatively smaller num-
ber of sessions generated over this time, which would result in
much smaller seasonal samples, are not long enough to deter-
mine if shifts are evident or because of sampling differences.
The UTK analysis demonstrated consistency in search char-
acteristics across the clusters for some variables and changes
in others. The most striking example of change over time
occurred with cluster C2. The relative number of terms per
query increased over the time frame, while the average popu-
larity of terms used in these sessions went down, which points
to broader vocabulary use or greater specificity. One could
argue that for searches to be more effective, they should be
more precise, which would mean increasing the number of
terms per query and using terms with greater specificity. The
increase in representation of this group over the 2-year period
with an equivalent decrease in the cluster C1 “hit and run”
searches could be demonstrating that searchers are learning
gradually to improve their search strategies, although there
is still that persistent C3 group. This was also evident in the
Excite datasets.

Limitations of the present research include the inability
to determine searcher intentions from the transaction logs
alone. The logs represent excellent objective data that record
actual search activities but cannot reveal why searchers did
what they did. Complete session data, including all searcher
actions taken, would provide a more complete picture. But
these data were unavailable. Similarly, the number of search
variables available, on which the cluster analyses are based,
is limited to the content of the logs. Not all variables con-
tributed to stable cluster identification (e.g., average term
use frequency did not contribute to stable clusters for the
HealthLink system). The investigators were able to derive
only four to six viable variables from the available datasets.
Additional variables would allow for a richer analysis and
possibly the identification of finer-grained clusters of session
characteristics. The age of some of the data could be problem-
atic for inferring current search behaviors. The Excite data
in particular may make the search characteristics of more
historical interest. However, the similarities of the findings
across the datasets, which span 6 years, indicate that there
are search behavior themes that continue to be relevant over
time. Another potential limitation for session-level analysis
is the fact the transaction logs used did not record session
boundaries. These boundaries, like with many transaction
log studies, must be assessed based on the dataset content.
The probabilistic method developed for this study represents
another way to deal with this challenge by taking into account
the dataset query interval characteristics.A lower cutoff point
would have resulted in more sessions with fewer queries.
Without system usage monitoring when sessions begin and
end, it will always be an estimate, even with the availability
IP address or client side cookie data. However, not all session
characteristics will be affected by the session boundaries. The
number of terms used per query, term popularity, and num-
ber of pages viewed per query are a function of the queries

themselves. The characteristics that are affected by session
boundaries are the session length, query interval (where the
query interval is reduced because lengthy query intervals
are treated as session boundaries), and term use frequency
within a session (which may increase as the session length
increases). The small differences in average session length, as
reported in the findings, even with two- to five-fold increases
in the cutoff value, would suggest that any such impact would
not be substantial. Finally, cluster analysis is intended to
serve as an exploratory method for revealing hidden rela-
tionships within data corpora. It does not provide definitive
proof of outcomes. The similar clustering patterns across
samples taken from the same datasets reveal that the outcomes
are not random patterns that are unique products of each
sample.

Based on the findings of the research and the challenges
presented, the study of session behavior identification would
benefit from richer datasets to allow a more fine-grained
analysis of the sessions. Chen and Cooper (2001) were able
to derive 47 variables for their OPAC session data. A par-
ticular challenge that affects many transaction log studies
is the estimation of session boundaries. Research would be
greatly assisted with this determination by the Web servers,
which could then be included in logs for researchers. Session
identifiers are more readily available in some environments
like OPACs and bibliographic retrieval systems (Wolfram,
2008), where time-outs or login requirements help to delin-
eate boundaries. Public search services like search engines,
specialty public databases (e.g., HealthLink), or institution-
ally implemented search engines (e.g., UTK Web site) by
default do not record session identifiers. The convenient avail-
ability of search boxes for quick accessibility on public access
machines makes it difficult to implement session identifiers.
However, a reasonable time-out feature implemented on these
publicly available systems could be helpful for defining ses-
sions in these environments. The present research relied on
available data fields, which were limited across most of
the systems to query data. The lack of variability of sev-
eral session characteristics that could be derived from the
available data demonstrated that not all characteristics are
useful for defining session attributes. The lack of variabil-
ity in these characteristics did not help to distinguish session
types. The availability of rich, clickstream data, including
retrieval results and items viewed, would provide a richer set
of data to study session characteristics.

Conclusion

The authors have investigated search session patterns
using cluster analysis on session variables derived from trans-
action logs representing three different types of Web-based
search environments. First, the results revealed that coherent
clusters of search behaviors emerge and that these patterns are
observed across the three environments studied. The results
from this study corroborate findings from studies in other
IR environments that search behaviors can be clustered into
distinctive groups based on search session characteristics.
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Second, the longitudinal analysis of the UTK dataset revealed
a shift in the number of sessions associated with each cluster
whereby proportionately fewer sessions exhibited “hit and
run” searching and shifted towards more popular, focused
topics. Third, each system revealed a cluster consisting of
sessions that appear to exhibit characteristics of struggling
searchers. The ability to recognize these types of searches
based on session characteristics could allow systems to pro-
vide real-time help to searchers whose searches match these
session characteristics.

The findings of the study also raise additional questions
and hypotheses to be further investigated. Continued min-
ing of the collected transaction logs will focus on sessions
that are representative of the different clusters, particularly
cluster C3, which represents the longest sessions in terms of
the number of queries and longest query intervals. Session
data from this cluster can provide insight into what prob-
lems searchers encountered and how the searchers reiterated
their queries. In addition, analysis at the individual searcher’s
level using clickstream data, where available, can provide
a better understanding of the searcher’s information needs.
Cooper and Chen’s (2001) method for assessing the rele-
vance of a search was based on transaction log content with
access to a broader array of session variables. For public Web
search environments, transaction logs data are usually limited
to fewer available variables, and thus, a more finer-grained
analysis of user search regularities may not be possible. How-
ever, this approach might still be combined with searcher
interviews or targeted post search surveys to assess what
users have been doing, whether they have been successful,
and what types of difficulties they have been encountering.
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