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a b s t r a c t
This paper focuses on modeling users’ cognitive styles based on a set of Web usage mining techniques
on user navigation patterns and clickstream data. Main aim is to investigate whether speciﬁc clustering
techniques can group users of particular cognitive style using measures obtained from psychometric tests
and content navigation behavior. Three navigation metrics are proposed and utilized to ﬁnd identiﬁable
groups of users that have similar navigation patterns in relation to their cognitive style. The proposed
work has been evaluated with two user studies which entail a psychometric-based survey for extracting
the users’ cognitive styles, combined with a real usage scenario of users navigating in a controlled Web
2.0 environment. A total of 106 participants of age between 17 and 25 participated in the study providing
interesting insights with respect to cognitive styles and navigation behavior of users. Studies like the
reported one can be useful for modeling users and assist adaptive Web 2.0 environments to organize and
present information and functionalities in an adaptive format to diverse user groups.
© 2013 Elsevier Inc. All rights reserved.

1. Introduction
During the last decade, Web 2.0 has ingrained itself into everyday life and has contributed to the exponential increase of internet
usage since the early 2000s. Its fundamental concept as a medium
for collaboration and sharing of information has generated extensive enthusiasm driving many of the world’s markets. Within this
realm, adaptivity considerations in modern Web-based interactive
systems are considered of paramount importance as it is known
that traditional static interactive Web-based systems treat all users
the same way, being unable to satisfy the heterogeneous needs
and preferences of users (Brusilovsky, 2001). This often results in
users experiencing orientation difﬁculties in the information space
or being overwhelmed by redundant information. To elaborate on
this by giving examples, a static electronic encyclopedia usually
offers the same functionality and content to readers with different knowledge and interests. Similarly, a traditional e-commerce
Web-site offers the same product catalog and tools to customers
with different needs and preferences. Finally, a traditional educational hypermedia system presents the same static content to
students with widely differing educational goals and educational
background.
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In this respect, adapting the functionality and content, of any
Web-based interactive system, to satisfy the users’ needs and
increase their level of understandability and acceptability in an
intuitive manner and empower them to complete speciﬁc tasks
more efﬁciently and effectively is a challenging endeavor. It entails
understanding and modeling human behavior for diverse user
groups, with regard to structural and functional user requirements,
which needs to be translated into usable computer–human interaction designs and workﬂows, whilst minimizing the overall users’
cognitive, perceptual and learning load. Adaptive interactive systems (Brusilovsky et al., 2007; Brusilovsky, 2001; Bra et al., 2000;
Schneider-Hufschmidt et al., 1993) provide an alternative to the
“one size ﬁts all” approach of static user interfaces by adapting
the interactive system’s structure, terminology, functionality and
presentation of content to users’ perceptions, needs and preferences, aiming to increase the usability of the interface and provide an
improved user experience.
One of the distinctive features of an adaptive interactive system is its user model. The user model is a representation of static
and dynamic information about an individual that is utilized by the
adaptive interactive system aiming to provide adaptation effects
(i.e., the same system can look different to users with different
user models) (Brusilovsky and Millán, 2007; Frias-Martinez et al.,
2005). To better explain this through some examples, an information retrieval system may adaptively select and prioritize the most
relevant items to the user’s goals and/or interests. An educational
hypermedia system may provide adaptive navigation support
by manipulating the links based on the user’s knowledge and
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learning goals. A security and privacy-preserving related mechanism in a commercial Web system may present the content
adaptively to the user’s level of knowledge toward security terms
(e.g., provide novice users with personalized security information
awareness by using simpliﬁed security terms and additional explanations).
The mechanism used for user modeling can be based on explicit
or implicit information gathering approaches. Explicit information
is provided directly by the user, usually through Web registration
forms, questionnaires, or specially designed psychometric instruments. On the other hand, implicit information is extracted by the
system automatically to infer characteristics about the user and
is usually obtained by tracking the user’s navigation behavior by
interacting with the system. For example, such implicit information
can be extracted based on the time spent on a particular Web-page
by a user, which can be used to infer the interest of the user toward
the main subject of that Web-page. Various research works have
attempted to investigate the most effective source of information
for user modeling (Gauch et al., 2007; Jawaheer et al., 2010; Wærn,
2004). Based on Gauch et al. (2007) it is yet not clear-cut whether
implicitly created models are more or less accurate than explicitly
created models. Nevertheless, since implicit information gathering does not affect the human computer interaction or the users’
cognitive load (Gauch et al., 2007), it seems to be the preferable
approach for collecting information about users. On the other hand,
this approach is much more complex than explicit user feedback
since in most cases the data obtained may be imprecise, incomplete
and/or heterogeneous.
An increasing interest, apart from research-oriented systems, has been observed during the last few years from
major commercial Web 2.0 service providers such as Google
(http://www.google.com), Bing (http://www.bing.com), and Amazon (http://www.amazon.com) that provide personalized results
and recommendations, by employing various user modeling and
adaptation techniques. In this respect, the notion of personalization has ﬁnally found its way in users’ everyday interactions in Web
interactive systems. Nevertheless, there is a need for more research
on measuring the actual beneﬁt for users, instead of merely developing elaborated user modeling and adaptation techniques. Even
if personalization is the key to more efﬁcient interactions and
enhancing user experience, there is one undeniable issue to be
resolved: how and why could users beneﬁt even more? Individuals
are certainly different from each other, but which would be the
underlying theories that could guide research endeavors in producing measurable gains? A ﬁrst approach would be to identify
the levels in which individuals demonstrate considerable differences, such as demographics, social, cognitive and mental abilities,
personality, goals, needs, and experiences, and to build a cohesive
user model by including characteristics that could be important
in adapting Web 2.0 interactive systems, with the aim to improve
the user experience. Since content and functionality of Web 2.0
interactive systems is either presented visually or verbally, and
users may have speciﬁc navigation behavior, e.g., holistic or analytic
approach of navigation, this work suggests that cognitive styles of
users, which describe the way individuals, perceive and organize
information, might be applied effectively on designing adaptive
Web 2.0 interactive systems. In this context, a Web environment’s
information presentation and structure adapted to users’ cognitive
style may increase the usability of a system in terms of efﬁciency
and effectiveness, as well as provide a positive user experience
(Germanakos et al., 2008).
To this end, the work presented is primarily driven by the need
to apply User-Centered Design (UCD) methodologies related to the
design and evaluation of adaptive mechanisms, and contributes
toward this direction by proposing a user modeling approach for
highlighting cognitive styles of users with explicit and implicit

information gathering approaches by utilizing data analysis techniques. In particular, a speciﬁc psychometric measurement is used
to highlight differences in cognitive styles of users, combined with
data analysis techniques applied on the users’ navigation patterns.
Main objectives of the paper are to: (i) study the relation between
users’ cognitive styles and navigation behavior, (ii) investigate
whether speciﬁc data analysis techniques can group users of particular cognitive style using measures obtained from psychometric
tests, and (iii) propose navigation content metrics to ﬁnd identiﬁable groups of users that have similar navigation patterns. The
identiﬁcation of users with speciﬁc cognitive and navigation style
will ultimately help in deﬁning various adaptation mechanisms
which are required to be assembled to target a different user interface experience in Web-based environments for various cognitive
typologies of users.
Overarching aim is to drive this research toward the design
and development of a comprehensive adaptive interactive system which will be conceptually composed of two interconnected
components; the user modeling and the adaptation component.
The user modeling component will entail data about its users and
their interactions. This information will be provided to the system
either explicitly by the users (e.g., through registration forms or
psychometric tests, etc.) and/or implicitly retrieved through user’s
interactions with the system aiming to enrich the user model and to
infer information which is considered valuable in order to provide
adaptive features (e.g., track the users’ navigation behavior, and
further infer their cognitive style). In this context, various data
and cluster analysis techniques will be performed on the raw data
acquired in order to generate the actual user models which, combined with various decision making and adaptation mechanisms,
decide on the adaptation effects to be performed that will be further communicated to the adaptive user interface (e.g., in case users
have a holistic approach in information organization and follow a
linear approach in navigation, then provide personalized navigation tools that will assist the users process and organize information
more efﬁciently and effectively).
The paper is organized as follows. In Section 2, we provide
an overview of user modeling mechanisms giving emphasis on
explicit and implicit gathering approaches, and cognitive-based
user modeling systems. In Section 3 we present a user study based
on the proposed approach. Consequently, we conclude the paper
and describe our directions of future work in Section 4.
2. User modeling mechanisms
The ability of adaptation in interactive systems heavily depends
on successful user modeling. A user model is created through a user
modeling mechanism in which unobservable information about a
user is inferred from observable information from that user (FriasMartinez et al., 2005), for example, using the interactions with the
system (i.e., time being active on a Web-page, buying history, ratings of products, bookmarked or saved content, etc.). User models
can be created utilizing explicit information from the user, i.e., user
guided modeling, and/or implicit information, i.e., dynamic user
modeling (Gauch et al., 2007; Frasincar et al., 2004; Houben et al.,
2004). These two categories are discussed in the next sections.
2.1. User guided modeling
User guided modeling methodologies rely on personal information provided by the users, typically via registration forms. The
data collected usually contain demographic information (i.e., age,
gender, and profession), interests and/or preferences. Common
techniques for obtaining explicit information that allows speciﬁcation of the users’ model include the use of checkboxes, drop-down
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lists, or text ﬁelds where users express freely their opinion. All these
techniques have the advantage that the format of the replies are
standardized but the main drawback is that the user is aware that
the system is storing this information and usually the process may
be disrupted due to unwillingness of the user to provide the information, lack of trust or time to participate in the process. Also, the
results from these techniques are human-error prone since if the
questions are not carefully designed then they might be inaccurate,
inconclusive, or at worst, deceptive.
User guided modeling approaches are commonly utilized for
customizing user interfaces. In this case, a collection of user preferences are used to create a user proﬁle and the services provided
adapt in order to increase information accessibility. For instance,
the iGoogle application (iGoogle, 2012), explicitly asks the users to
provide their personal information which is stored to create user
proﬁles. The Web-site content is then dynamically organized based
on the users’ preferences.
An important drawback of customization approaches is that
users may not accurately or fully report their preferences and characteristics. Furthermore, most interactive systems utilizing such
approaches never invoke the user to update the information and
rarely have intelligent mechanisms behind to identify that something has changed in the users’ preferences. This usually results
in proﬁles remaining static even though the user’s interests may
change over time. As a consequence, the proﬁle may become highly
inaccurate over time.
2.2. Dynamic user modeling
User models could be also dynamically generated based on
implicit information, such as the navigation behavior of users.
These mechanisms are transparent to the user and do not add
disruption or require any additional effort by the user during the
process of interacting with the system for constructing the models.
Kelly and Teevan (2003) provide an overview of the most popular
mechanisms for dynamically collecting implicit user information.
Gauch et al. (2007) also summarize different approaches to implicit
user information collection.
The most common source of information about users is their
browsing history from which the users’ interests are extracted.
Browsing history of users contains URLs visited by the user and the
date/time of the visits. Accordingly, meaningful information could
be extracted based on this information, e.g., number of visits to a
particular URL and the time spent in that Web-page. Browsing histories could be collected in two ways: users sharing their browsing
caches on a periodic basis (Gauch et al., 2007), or users installing a
proxy server that acts as their gateway to the Internet, thereby capturing all Web trafﬁc generated by the user (Trajkova and Gauch,
2004). The ﬁrst technique utilizes the Web browser’s cache system that stores the user’s Web browsing history. This technique
does not require any installation of speciﬁc software. However, in
order to extract meaningful information from the collected data,
the user is required to upload the cache periodically. In the second
technique, proxy servers allow easily capturing information without placing any major burden on the user because they only require
an initial setup and do not require any software to be maintained
or updated afterwards on the user’s desktop. An important drawback however is that no user model can be created without having
a speciﬁc proxy enabled by the user.
Another approach to collect implicitly information while the
user navigates in an interactive system is through the usage of
agents (e.g., browser plugins). Browser agents can be installed
on the user’s desktop computer and are able to capture all of
the activities the user performs while browsing. Apart from collecting the user’s browsing history (i.e., URLs visited), browser
agents accurately collect information about the actions performed
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on a Web-page, such as bookmarking and downloading to disk.
Accordingly, based on this additional information about the user’s
browsing activity, agents may suggest links on the current page
that might be of interest. An important drawback of this approach
is that it requires specialized software to be installed.
Enhancements of browser agents are desktop agents which are
commercial toolbars that include personalized features with the
aim to help users organize their browsing activity stored in their
desktop caches. Furthermore, navigation activity for desktop agents
is not limited to the Web, but also includes access of users on their
local computer, e.g., personal folders and documents. Such search
tools are implemented in applications like Google Desktop Search
(2012) and Stuff I’ve Seen (Dumais et al., 2003).

2.3. Generating user models
The simplest approach of user model generation is in the case
where the information collected by the user is used as-is and
remains unprocessed. For example, users might explicitly express
their interest on speciﬁc topics of a news publishing system which
will be further used by simple rule-based mechanisms to adapt the
interface by displaying the selected topics on the top of the users’
interface. More intelligent approaches for generating user models
include cases where the browsing activities of users may be utilized by data mining and machine learning techniques to recognize
regularities in user paths and integrate them in a user model. A
thorough literature review on how data mining techniques can be
applied to user modeling in the context of personalization systems
can be found in (Eirinaki and Vazirgiannis, 2003; Pierrakos et al.,
2003). The data mining techniques mentioned enable pattern discovery through clustering and classiﬁcation, association rules (or
association discovery) and sequence mining (or sequential pattern
discovery). They represent popular approaches appearing in the
data mining literature. In addition, Mobasher (2007) describes data
mining algorithms based on clustering, association rule discovery,
sequential pattern mining, Markov models and probabilistic mixture and hidden (latent) variable models for Web personalization
purposes.
Nowadays, the process of Web user modeling has become
attached to automated data mining or knowledge discovery techniques due to the large volumes of available user data on the Web
(Nasraoui et al., 2008). Nasraoui et al. (2008) perform clustering on
user sessions to place users in homogeneous groups based on the
similar activities performed and then extract speciﬁc user proﬁles
from each cluster. Clustering techniques are also used in order to
divide users into segments containing users with similar navigation
behavior. Using a similarity metric, a clustering algorithm groups
the most similar users together to form clusters. Because optimal
clustering over large data sets is impractical, most applications use
various forms of greedy cluster generation. These algorithms typically start with an initial set of segments, which often contain
one randomly selected user. Then, they repeatedly match users to
the existing segments. Once the algorithm generates the segments,
it computes the users’ similarity to vectors that summarize each
segment, chooses the segment with the strongest similarity and
classiﬁes the user accordingly. Some algorithms classify users into
multiple segments and describe the strength of each relationship
(Perkowitz and Etzioni, 2000). The same concept is found within
fuzzy clustering techniques, examples of which include the work
of Castellano and Torsello (2008) that categorized users based on
the evaluation of similarity between fuzzy sets using a relational
fuzzy clustering algorithm and Castellano et al. (2007) that derived
user proﬁles by analyzing user interests. Variations of fuzzy clustering methods include Fuzzy c-medoids, Fuzzy c-trimmed-medoids,
Relational Fuzzy Clustering-Maximal Density Estimator (RFC-MDE)
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algorithm, hierarchical clustering approaches, which were applied
to group user sessions (Joshi and Joshi, 2000; Fu et al., 1999).
To this end, the abovementioned works primarily focus on
applying data mining and machine learning techniques for modeling the interests and preferences of users toward speciﬁc items in
e-commerce environments. For example, data analysis techniques
are utilized for grouping users that visited, bought or rated similarly
the same products (Linden et al., 2003; Su and Khoshgoftaar, 2009).
Association rules are used in some cases to relate different products based on their viewing history, e.g., when users view product A
and afterwards view product B, then an association rule is created
between products A and B indicating a high relationship between
the two products (Pierrakos et al., 2003). Accordingly, this information is further utilized by the system to offer recommendations
based on the navigation behavior of users.
Apart from modeling the interests of users, adaptive Web 2.0
interactive systems can be developed to accommodate a variety of
individual differences, such as cognitive styles. Cognitive styles may
correspond to the structure of Web 2.0 environments (Germanakos
et al., 2008; Tsianos et al., 2008). Since cognitive styles describe the
way users process and organize information, a personalized environment, that is supported by an automated cognitive style-based
modeling mechanism, can be adapted at the levels of content selection and structure; the content is essentially either visual or verbal
(or auditory), while the manipulation of links can lead to a more
analytic and segmented structure, or to a more holistic and cohesive environment. Since the proposed user modeling approach is
focused on cognitive style elicitation, we dedicate the next section
to existing works on cognitive-based adaptive interactive systems.
2.4. Analysis of existing cognitive-based adaptive interactive
systems
Cognitive styles represent the particular set of strengths and
preferences that an individual or group of people have in how
they take in and process information. By taking into account these
preferences and deﬁning speciﬁc strategies, empirical research
has shown that cognitive styles correlate with performance in a
Web-based environment (Wang et al., 2006; Tsianos et al., 2008).
Cognitive styles have been deﬁned by Messick (1984) as “consistent individual differences in preferred ways of organizing and
processing information and experience, a construct that is different
than learning style”.
According to Antonietti and Giorgetti (1997) cognitive styles
can be measured through the behavioral analysis of users, selfreporting, and through analysis of physiological data. Behavioral
data can be obtained by recording the navigation behavior and
actions of the users. Self-reports require that people evaluate themselves or answer specially designed questionnaires or psychometric
tests. Finally, observations of physiological measures can be taken
utilizing bio-metric sensors (e.g., pulse rate, skin conductance).
The literature distinguishes a number of dimensions in
which the users’ cognitive styles may differ: ﬁeld-dependent/
independent, impulsive/reﬂective, conceptual/inferential, thematic/relational, analytic/global (Chen and Macredie, 2002; Liu
and Ginther, 1999). Regarding the hypermedia information space,
among the numerous proposed theories of individual style, a selection of the most appropriate and technologically feasible cognitive
styles (those that can be projected on the processes of selection and
presentation of Web content and the tailoring of navigational tools)
has been studied, such as Riding’s Cognitive Style Analysis (CSA)
(Verbal/Imagery, and Wholistic/Analytic) (Riding, 1991; Riding and
Chema, 1991), Felder/Silverman Index of Learning Styles (ILS) (4
scales: Active vs. Reﬂective, Sensing vs. Intuitive, Visual vs. Verbal,
and Global vs. Sequential) (Felder and Silverman, 1988), Witkin’s
Field-Dependent and Field-Independent group (Witkin et al., 1977),

and Kolb’s Learning Styles (Converger, Diverger, Accommodator,
and Assimilator) (Kolb and Kolb, 2005), in order to identify how
users transform information into knowledge (constructing new
cognitive frames).
Since, by its nature, cognitive style inﬂuences humans’ ability to
access and process information, the work on adaptation to user cognitive style was focused more on the presentation of content and
the navigational side of adaptive hypermedia systems and adaptive educational systems (Brusilovsky and Millán, 2007). Recently,
a considerable amount of research efforts have been focused
on modeling and utilizing cognitive factors for personalization
in adaptive interactive systems. Several approaches have distinguished users based on their cognitive styles and provided different
adaptation effects accordingly (Brusilovsky and Millán, 2007;
Botsios and Georgiou, 2009). Table 1 illustrates some noteworthy cognitive-based systems based on the type of individual styles
incorporated in the adaptation process and the adaptation effect
provided.
In a study, Tsianos et al. (2008) have distinguished Imager and
Verbal users, and Wholist and Analyst users based on Riding’s Cognitive Style Analysis (Riding, 1991). Each user was provided with
adaptive presentation of content and different navigation organization based on their cognitive style. According to Riding’s theory
(Riding, 1991), users that belong to the Imager class process images
more efﬁciently than text, whereas users that belong to the Verbal
class the opposite. Users that belong to the Wholist class have a
holistic approach in processing information and have serial navigation behavior whereas users that belong to the Analyst class
organize information in pieces of data and have scattered navigation behavior. In a similar approach, Triantaﬁllou et al. (2004)
proposed the Adaptive Educational System based on Cognitive
Styles system (AES-CS) that distinguished ﬁeld-dependent and
ﬁeld-independent users based on Witkin et al. (1977) and provided different navigation organization, amount of user control,
and navigation support tools for these groups. AES-CS attempted
to adapt in terms of both user knowledge and user cognitive
style. A ﬁeld-dependency test was used to classify users in two
groups: ﬁeld-dependent and ﬁeld-independent users. After that a
range of system features were adapted to the identiﬁed cognitive
style. Field-independent users received an access to the navigation menu to control their navigation. Field-dependent users were
only able to proceed through the content sequentially, however
they were provided with additional orientation support tools such
as a concept map and a path indicator. Depending on their style,
the users also received different instructions, feedback, and contextual organizers. Evaluated against a static version of content,
the AES-CS (with both kinds of adaptation enabled) demonstrated
a signiﬁcant increase of user performance (Triantaﬁllou et al.,
2004).
In their research, Graf and Kinshuk (2009) proposed a framework for adapting course content by distinguishing users to four
dimensions based on the Felder/Silverman Index of Learning
Styles, i.e., active/reﬂective, sensing/intuitive, visual/verbal, and
sequential/global. The proposed approach estimated the users’
learning style through a 44-item questionnaire based on the FelderSilverman learning style model (Felder and Silverman, 1988). The
adaptation effects provided, included the sequence of examples,
exercises, and self-assessment tests and determined whether they
are presented before the main content, after the main content or at
both positions. Another adaptation effect was the number of presented examples and exercises. Moreover, the framework adapted
the use of outlines by either presenting them only once before the
content or additionally between topics in order to provide students
with a better overview. Furthermore, conclusions could be presented either after the content in order to summarize the learned
material before applying the knowledge for other tasks (e.g.,
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Table 1
Adaptive interactive systems based on individual style theory.
Literature

Individual theory

User modeling technique

Adaptation effects

Triantaﬁllou et al.
(2004)

Witkin’s
Field-Dependent,
Field-Independent

Specially designed
psychometric test

• Navigation organization
• Amount of user control
• Navigation support tools

Graf and Kinshuk
(2009)

Felder/Silverman Index
of Learning Styles

44-item questionnaire

• Sequence of content
• Amount of content

Papanikolaou et al.
(2003)

Felder/Silverman Index
of Learning Styles

Specially designed
psychometric test

• Adaptive navigation support (i.e., sequential, global)
• Adaptive content presentation (i.e., visual/verbal)

Tsianos et al. (2008)

Riding Cognitive Style
Analysis
B.S. Solomon’s Inventory of Learning Styles
Kolb learning style model
Working Memory and Cognitive Trait Model

Specially designed
psychometric test
28-item questionnaire
Navigation behavior
Navigation behavior

• Adaptive presentation of content
• Navigation organization
• Adaptive presentation of content
• Different course material sequencing
• Adaptive presentation of content

Carver et al. (1999)
Milosevic et al. (2007)
Karampiperis et al. (2006)

exercises) or presented at the end of the chapter in order to give
students a ﬁnal summary of the chapter.
In another work, Papanikolaou et al. (2003) investigated users’
learning and cognitive style, and preferences during interaction by
conducting empirical studies on two educational systems (FlexiOLM and INSPIRE). The Felder-Silverman Index of Learning Styles
questionnaire was used to assess the style of each participant. In
Carver et al. (1999) an adaptive hypermedia interface provided
adaptive presentation of course material based on the student’s
learning styles. Students’ learning style was extracted by answering a series of 28 questions through an assessment tool developed at
North Carolina State University (B.S. Solomon’s Inventory of Learning Styles).
In the research of Milosevic et al. (2007), adaptation was provided based on user’s preferences, knowledge, goals, navigation
history as well as the Kolb’s learning style model (Kolb and Kolb,
2005). They suggested that every learning style dimension should
get a different course material sequencing.
In Karampiperis et al. (2006), two cognitive factors were utilized, i.e., working memory capacity (Miller, 1956) and inductive
reasoning ability (based on the Cognitive Trait Model (Kinshuk
and Lin, 2004)), to create adaptivity algorithms. In their work they
simulated different learner behavior in navigating a hypermedia
space, and measured the selection success of the proposed selection
decision model as it is dynamically updated using the simulated
learner’s navigation steps. The simulation results provided evidence that the proposed selection methodology could dynamically
update the internal adaptation logic leading to reﬁne selection decisions (Botsios and Georgiou, 2009).
Taking into consideration the abovementioned works, the next
section presents two user studies for eliciting similar groups of
users based on their navigation behavior and investigates how
these groups may be related to cognitive styles. To the best of the
author’s knowledge, this is among the ﬁrst attempts to study the
relation between the cognitive style of users and their navigation
behavior in an online encyclopedia system, apart from sporadic
attempts, like Frias-Martinez et al. (2007) that utilized a number of clustering techniques to understand human behavior and
perception in relation with cognitive style, expertise and gender
differences of digital library users, Antoniou and Lepouras (2010)
that studied the connection between the way people moved in
a museum and the way they preferred to approach and process
information cognitively, Hsu and Chen (2011) that investigated
how learners’ cognitive style affect their navigation behavior
through data mining techniques as well as analyzed how navigation
behavior may inﬂuence performance in education environments,
and Kinley et al. (2010) that explored the relationships between
Web users’ searching behavior and their cognitive style. These
approaches primarily focus on how individuals use search (e.g.,

basic or advanced search) and navigation tools (e.g., navigation
maps, index of pages, keyword search) and aim to cluster users
based on the number of times each feature of the tools are used
and further related to the users’ cognitive style. Instead, this paper
proposes speciﬁc user interaction metrics aiming to examine how
users navigate (i.e., linearly/non-linearly) based on the sequence of
hyperlinks visited in a Web 2.0 environment and further perform
clustering techniques on these interaction data to investigate differences in users’ navigation behavior and their relation to cognitive
styles.
3. Experimental study
The objective of the study is threefold; (i) investigate the relation between cognitive styles and navigation behavior of users,
(ii) investigate whether clustering techniques can group users of
particular cognitive style using measures obtained from Riding’s
CSA test, and (iii) evaluate the use of navigation content metrics
proposed in this work to ﬁnd identiﬁable groups of users that
have similar navigation patterns within the group of users that
participated in the study. The overarching aim is to gain empirical knowledge for supporting adaptive interactive systems with
dynamic user modeling schemes based on users’ cognitive style
and navigation behavior.
3.1. Cognitive style theory used in the study
Many researchers have developed theories of individual differences in cognitive style, and consequently, argue that individuals
have differences in the way they process, organize and remember information (Riding and Cheema, 1991; Felder and Silverman,
1988; Witkin et al., 1977). A deﬁning point in cognitive style
research was the work conducted by Riding and Cheema (1991)
who surveyed approximately thirty different cognitive styles and
concluded that most of them measured two broad cognitive style
dimensions: a Wholist/Analyst dimension which refers to how
individuals organize information and indicates a preference for
information to be structured to get the big picture or the detail,
and a Verbal/Imager dimension which refers to how individuals
process information and indicates a preference for representing
information using pictures or words.
Regarding the Wholist/Analyst dimension, among all
the related surveyed cognitive styles, the theory of ﬁelddependency/independency proposed by Witkin (Witkin, 1962;
Witkin et al., 1977) is considered one of the most important and
highly researched cognitive styles (Rezaei and Katz, 2004; Riding
and Cheema, 1991) who distinguished individuals being ﬁelddependent and ﬁeld-independent. In particular, Witkin describes
ﬁeld-independence as “an analytical, in contrast to global, way
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of perceiving which entails a tendency to experience items as
discrete from their backgrounds and reﬂects ability to overcome
the inﬂuence of an embedding context”. For example, when
confronted with problems, some individuals are good at extracting
things from the context and prefer to handle them in a more
analytical way. In contrast, individuals termed as ﬁeld-dependent
cannot abstract an element from its context and are intended
to handle problems in a holistic way. In this context, Riding
and Cheema proposed the Wholist/Analyst dimension and classify
users to the cognitive typologies of Wholist–Intermediate–Analyst.
Speciﬁcally, users that belong to the Wholist class view a situation
and organize information as a whole and are supposed to take
a linear approach in hypermedia navigation. Users that belong
to the Analyst class view a situation as a collection of parts,
stress one or two aspects at a time and are supposed to take a
non-linear approach in hypermedia navigation. Users that belong
in between the two end points of the Wholist/Analyst scale (i.e.,
Intermediate) do not differ signiﬁcantly with regard to information
organization.
Regarding the Verbal/Imager dimension, all the related surveyed cognitive styles were developed from the perspective of
dual coding theory (Paivio, 1971) which suggests that visual and
verbal information is processed and represented differently, and
along two distinct cognitive sub-systems in the human mind; the
visual and verbal cognitive sub-systems. Each sub-system creates separate representations for information processed which are
used to organize incoming information that can be acted upon,
stored, and retrieved for subsequent use. From this viewpoint,
the Verbal/Imager cognitive style dimension suggests that individuals have differences in the way they process and remember
information. In particular, individuals may process verbal information more efﬁciently than visual information, whilst others the
opposite (Peterson et al., 2009; Kozhevnikov, 2007; Riding and
Cheema, 1991). Although it is likely that individuals switch strategies depending on the nature of the task, studies have revealed
that individuals consistently prefer one or the other strategy
(Kozhevnikov, 2007; Riding and Cheema, 1991). Furthermore, ability might affect preference toward a particular strategy in that
if a particular mode of processing is more efﬁcient for a person then it is more likely to be preferred (Riding and Cheema,
1991). To this end, Riding and Cheema (1991) have proposed
the Verbal/Imager dimension that classiﬁes users to the cognitive
typologies of Verbal–Intermediate–Imager. Users that belong to the
Verbal class can proportionally process textual and/or auditory content more efﬁciently than images, whereas users that belong to
the Imager class behave in an opposite manner. Users that belong
in between the two end points (i.e., Intermediate) do not differ
signiﬁcantly with regard to information processing.
In this context, we have utilized the Wholist/Analyst and Verbal/Imager dimensions of Riding’s Cognitive Style Analysis (CSA)
(Riding, 1991) and suggest that their implications can be mapped
effectively on Web 2.0 environments as described in Table 2, since
they consist of distinct scales that respond directly to different
aspects of Web 2.0 environments. The CSA implications can provide
clear guidelines in the context of Web design (i.e., selecting to
present visual/verbal content and structuring information ﬂow in
a Wholistic/Analytic manner).
3.1.1. Users’ cognitive style elicitation
Users’ cognitive styles were elicited by exploiting Riding’s
CSA test, which measures cognitive style on the two broad
Wholist/Analyst and Verbal/Imager dimensions (Riding, 1991),
and is considered one of the most credible psychometric tests to
elicit cognitive style of users (Riding, 1991; Kinley et al., 2010).
In particular, Riding’s CSA test comprises of two sub-tests that
respectively indicate the position of an individual on each of the

Fig. 1. Example of a Wholist-type stimuli.

Wholist–Analyst and Verbal–Imager dimensions by means of a
ratio.
The ﬁrst sub-test assesses the Wholist–Analyst dimension by
presenting a series of 40 questions on judging and comparing geometrical ﬁgures made up of three basic geometric shapes (i.e.,
square, rectangle, and triangle). 20 of these questions include
wholist-type stimuli that require the participants to compare
whether a pair of ﬁgures are identical or not (e.g., “Is shape X
the same as shape Y?”) (Fig. 1), in which half of the items have
either the same shape or not. As this task involves judgments
about the overall similarity of the two ﬁgures, it is assumed that
Wholists will respond faster than Analysts. The rest 20 questions
include analytic-type stimuli that require the participants to judge
whether a single ﬁgure is part of another complex ﬁgure (“Is shape
X contained in shape Y?”), in which half of the items have the
shape embedded in the more complex and half of the shapes do
not. This task requires the participants to disembed the simple
shape from within the complex geometrical ﬁgure in order to
establish that it is the same as the stimulus shape displayed. It
is assumed that Analysts will respond faster at this task. The test
records the response time of each given answer to the questions
and then uses a three-phase algorithm to determine the participant’s cognitive style. The algorithm performs the following steps:
(i) calculate the average response time on each of the two sections
(20 questions for the wholist-type stimuli, and 20 questions for
the analytic-type stimuli) of the CSA test, (ii) calculate the ratio
between the average response times on the wholist-type stimuli
and analytic-type stimuli, and (iii) associate the value of each
subject’s Wholist–Analyst ratio with a style category. A low ratio
(≤1.02) classiﬁes the participant as a “Wholist”, a high ratio (>1.35)
classiﬁes the participant as an “Analyst”, while a ratio in between
the two end points classiﬁes the participant as an “Intermediate”
(Riding, 1991).
The second sub-test assesses the Verbal–Imager dimension by
presenting a series of 48 questions about conceptual category and
appearance (i.e., color) to be judged by the participants true or
false. 24 statements include verbal-type stimuli that require the
participants to compare two objects conceptually (e.g., “Are ski
and cricket the same type?”). It is assumed that Verbals respond
faster in this type of stimuli since the semantic conceptual category
membership is verbally abstract in nature and cannot be represented in visual form. The rest 24 statements include imager-type
stimuli that require the participants to compare the color of two
objects (e.g., “Are cream and paper the same color?”). In this case,
it is assumed that Imagers respond faster to the appearance statements (color) since the objects can be readily represented as mental
pictures and the information for the comparison can be obtained
directly and rapidly from these images. As in the Wholist–Analyst
sub-test, the psychometric test records the response time of each
given answer to the questions and then uses a three-phase algorithm to determine the participant’s cognitive style. The algorithm
performs the following steps: (i) calculate the average response
time on each of the two sections (24 questions for the verbal-type
stimuli, and 24 questions for the imager-type stimuli) of the CSA
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Table 2
Riding’s CSA scale mapping to Web 2.0 environments.
CSA scale

Typology

Description

Web implications

Verbal/Imager

Verbal

Web content in text/auditory form

Verbal/Imager

Imager

Verbal/Imager

Intermediate

Process verbal information more
efﬁciently
Process graphical information more
efﬁciently
In between the Verbal/Imager scale

Wholist/Analyst

Wholist

Wholist/Analyst

Analyst

Wholist/Analyst

Intermediate

Views a situation and organizes
information as a whole
Views a situation as a collection of
parts and only stresses one or two
aspects at a time
In between the Wholist/Analyst scale

Web content in graphical, visual
representation
No signiﬁcant difference in preference
or information processing
Linear approach in Web-site navigation
Non-linear approach in Web-site
navigation
No signiﬁcant difference in
information processing

test, (ii) calculate the ratio between the average response times on
the verbal (conceptual category) and imagery (appearance) stimuli,
and (iii) associate the value of each subject’s Verbal–Imager ratio
with a style category. A low ratio (≤0.98) classiﬁes the participant
as a “Verbal”, a high ratio (>1.09) classiﬁes the participant as an
“Imager”, while a ratio in between the two end points classiﬁes the
participant as an “Intermediate” (Riding, 1991).

ence of users between textual and pictorial environments and the
results obtained helped in the experimental setup of the second
study. The second experimental setup aimed to increase the navigation activity of users and investigate their behavior in solving the
problem-based tasks they had been assigned.

3.2. Sampling and procedure

Two types of interactions (Fig. 3) were considered for the analysis; (i) Navigation Menu Interactions: the interactions of users with
a navigation menu of each article in which every hyperlink was
connected with a particular section in the article and (ii) Content
Link Interactions: the interactions of users with hyperlinks within
the article that was connected with another article in the system.
The particular interaction types were used in the current study
due to the fact that the information behind each hyperlink has
close semantic relationship with its previous hyperlink. Accordingly, the usage of the hyperlinks of each interaction type can be
used to measure the degree of linear behavior a user has within the
Web environment, i.e., whether the user tends to visit successive
hyperlinks or not.

A total of 106 individuals participated voluntarily in two user
studies carried out within the ﬁrst week of November 2011 and
last week of February 2012. The ﬁrst experimental study consisted
of 22 participants and the second experimental study consisted
of 84 participants. All participants were undergraduate students
and their age varied from 17 to 25. The students ﬁrst completed the two sub-tests of Riding’s CSA test (Riding, 1991) and
then navigated in a reproduced version of a Web 2.0 application; Wikipedia (http://wikipedia.org) which had been enriched to
include verbal-based content, i.e., content in textual form without
images/visuals in case users belonged to the Verbal cognitive style
class (Fig. 2A), and image-based content, i.e., content represented
with images/visuals and diagrams in case users belonged to the
Imager cognitive style class (Fig. 2B). In this respect, by providing
verbal or graphical versions of the same environment, matched to
the Verbal/Imager dimension, we aimed to reduce the probability that the content presentation would affect the results of the
Wholist/Analyst dimension in which we are primarily interested
since it corresponds to the navigation behavior of users.
In the ﬁrst experimental study, participants were asked to freely
navigate through the Wikipedia articles, whereas in the second
experimental study participants were assigned 10 problem-based
tasks whose answers could be found inside the Wikipedia articles.
The ﬁrst experimental study had the aim to investigate the prefer-

3.3. User interactions

3.3.1. Methodology for tracking user interactions
In order to track the users’ interactions, all hyperlinks (Navigation Menu and Content Hyperlinks) within each article have been
automatically annotated with an attribute, meaningful to the system. In particular, a browser-based logging facility was developed
that initially parsed the HTML document, extracting the Navigation
Menu hyperlinks and Content hyperlinks, and further annotated
each hyperlink in the following manner: Navigation Menu hyperlinks and Content hyperlinks were respectively annotated with
“nav x y” where x is the unique identiﬁer of the current article
and y the unique identiﬁer of the navigation menu hyperlink, and
“content x y” where x is the unique identiﬁer of the current arti-

Fig. 2. Verbal- and image-based user interface of the Web-site used in the study.
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Fig. 3. Types of user interactions.

cle and y the unique identiﬁer of the content hyperlink. In both
hyperlink types, y is used to calculate the distance between the
hyperlinks visited by the user. The browser-based logging facility was also responsible to store all users’ interactions with each
annotated hyperlink in the server’s database. Figs. 4 and 5 respectively illustrate the annotations made by the browser-based logging
facility.
3.3.2. Deﬁnition of user interaction metrics
In order to measure the linearity of user interactions with the
structured hyperlinks, we created the following metrics that are
based on the previously explained hyperlink annotations and types
of user interactions:
i. Absolute Distance of Links (ADL), which indicates the similarity
between a fully sequential path and the actual path that was
traversed by the user, and is calculated by summing the total
absolute distance between the links visited by a user.
ii. Average Sequential Links (ASL), which indicates how many
sequential links were visited by the user and is calculated by
ﬁnding the average number of sequential links visited by a user.
iii. Average non-sequential Groups of Links (AGL), which indicates
the number of non-sequential links that were visited by the
user and is calculated by the average number of non-sequential

Fig. 4. Navigation menu hyperlink semantic annotations.

Fig. 5. Content hyperlink semantic annotations.
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groups of links visited by a user, if all sequential links are considered to represent one group.
To facilitate our description, assume that a Web-page features a sequence of n consecutive links Li : 1 ≤ i ≤ n. The goal of
the aforementioned metrics is to quantify the user deviations
from navigating this Web-page in a sequential manner by visiting each consecutive link Li (i.e., L1 , L2 , . . . and ﬁnally Ln ). Assume
that the user has performed the click stream navigation pattern
“nav 1 4|nav 1 2|nav 1 3”, based on Fig. 4. This navigation pattern
translates to “Article ‘Web 2.0 , Navigation Menu: 4-2-3”, which
means that the user visited the “Web 2.0” article and then read
the content of the fourth (“Concepts”), second (“Characteristics”)
and third (“Technologies”) hyperlink of the navigation menu. For
this particular navigation, as deﬁned above, the metrics are calculated as: ADL = (|4 − 1| + |2 − 4| + |3 − 2|)/N = 2, ASL = M/N = 0.333 and
AGL = B/N = 0.667, where N is the number of total links clicked (3 in
our case), M is the number of sequential (linear) links used based
on the Web-site content (1 in our case) and B is the number of nonsequential groups of links derived from the links used (2 in our
case). In our example, B is equal to 2 as for pattern “2–3” the only
sequential link clicked was the second and the two non-sequential
groups of links were patterns “4” and “2–3”. The metrics were also
normalized based on the number of user interactions by dividing
each variable to the total number of clicks. A main hypothesis for
these calculations was that the starting point of all users’ interactions in the Web-page is the ﬁrst link appearing in the navigation
menu (e.g., “Web 2.0 – History”) since it is the ﬁrst content the
user is interacting with. The abovementioned metrics were used to
capture the linearity of the user’s navigation on the types of user
interactions (Navigation Menu and Content Hyperlinks) with the
system, which are described in the next section.
3.4. Analysis of user interactions
The user interaction data analysis performed aims to differentiate users based on their cognitive style dimension (i.e.,
Wholist–Intermediate–Analyst and Verbal–Intermediate–Imager)
and navigation style (i.e., linear and non-linear). The process
extracts different groups of users in terms of their responses to
the psychometric tests and their Navigation Menu Interactions and
Content Link Interactions. Also, an analysis is provided regarding
the signiﬁcance of the interaction data metrics employed which is
a complementary target in our analysis.
In particular, the cluster analysis included the following phases:
Initially, we deﬁned the optimum number of clusters for each
question using two-step clustering (Norusis, 2004) that uses an
agglomerative hierarchical clustering method. Single-linkage clustering was used to determine which number of clusters is the
optimal in each experiment case and each of the cluster solutions
obtained was compared using Schwarz’s Bayesian Criterion (BIC).
Particularly, in the clustering performed we produced a range of
cluster solutions (from 2-cluster solution to 20-cluster solution)
and then checked them one by one based on the clustering criterion
of Schwarz’s Bayesian Criterion (BIC) and selected the solutions that
had the lowest BIC value, which represent the most well-separated
clusters. The ideal solution in this case was when the density inside
clusters is high and between clusters is low. After deﬁning the number of optimal solutions (clusters) we utilized k-means clustering
to obtain the cluster memberships, distance information, and the
ﬁnal cluster centers. In particular, the k-means clustering analysis was used to obtain the membership value ranging from 1 to
the number of clusters and the distance from the cluster center
for each user. The distance was measured using the Euclidean distance between each case and its classiﬁcation center. In the ﬁnal
step of the process, we used the results of two-step clustering to
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analyze the distribution and signiﬁcance of the metrics. Details on
the k-means and two-step clustering processes can be respectively
found in Hartigan (1975) and Norusis (2004).
In the following sections we present in detail the two experimental studies performed and for each we present the results of
the k-means and two-step clustering process.
3.5. Experimental Study I – results and discussion
This section presents and analyses the results obtained from the
ﬁrst experimental study. The following analyses were performed:
(i) k-means clustering on the answers of users to the psychometric test, (ii) k-means clustering on the navigation pattern of users
(interaction metrics) in the online encyclopedia system, and (iii)
two-step clustering in order to analyze the metric’s signiﬁcance
and distribution.
Table 3 summarizes the cognitive-based groups of users based
on the measures obtained from the psychometric test. As already
explained, the ratios between the response times of the users
to speciﬁc stimuli were computed and then a simple rule-based
mechanism was applied on the ratio to assign the user to a cognitive typology. An example of a rule is “if a user had a ratio of
response times less or equal than 1.02 then the user is assigned
to the Wholist group” (Riding, 1991). Accordingly, based on the
ratios of all users and the rule-based mechanism, cognitive-based
groups of users were created as summarized in Table 3. The ﬁrst
three columns of Table 3 and the last three columns refer to
the Wholist/Analyst and Verbal/Imager dimensions respectively.
Regarding the Wholist/Analyst dimension, Intermediates outnumbered the Wholists (7) and Analysts (3) with a total of 12 users,
whereas the Verbal/Imager dimension, Imagers outnumbered the
Intermediates (5) and Imagers (6) with a total of 11 users.
Furthermore, we wanted to investigate whether speciﬁc clustering mechanisms could create cognitive-based groups of users based
on the measures obtained from the psychometric test. Based on the
clustering performed using the results of the psychometric test we
observe that the users are clustered in three groups whose range
of cognitive style is reported in Table 4. The table also presents the
total number of users included in each cluster. The ﬁgures show
that the users are clearly distinguished based on their cognitive proﬁle and that they cover the whole range of the scale suggested by
Riding (1991). For example, in the Wholist/Analyst dimension one
of the clusters contains users with cognitive style ratio in the [1.776,
1.853] interval which is in line to Riding’s Analyst scale (i.e., >1.35)
and in the Verbal/Imager dimension the clustered users’ cognitive
style ratio in the [0.832, 0.941] interval is again in line to Riding’s
Verbal scale (i.e., ≤0.98). Overall, the number of users in each cluster
is very close to Riding’s grouping, i.e., in the Wholist/Analyst range
only ±1 users, and in the Verbal/Imager range case, only ±2 users
were differently classiﬁed. Another observation is that the range of
users’ Wholist/Analyst and Verbal/Imager dimensions vary slightly
(shown in higher ﬁgures) compared to Riding’s scale. These ﬁndings
indicate that the k-means clustering technique can group users of
particular cognitive styles utilizing measures obtained from psychometric tests. The technique has provided encouraging results
and justiﬁes further utilization.
The next cluster analysis involves visit path analysis of the users’
interactions with the system (i.e., Navigation Menu Interactions
and Content Link Interactions) by using the three proposed clustering metrics which measure the linearity of the users’ navigation
behavior (i.e., how linear the navigation behavior is). The statistics
of the actual values for each metric (i.e., ADL, ASL and AGL) which
measure the linearity of the users’ navigation menu visit path in a
different manner and as formed in clusters are reported in Table 5.
The ﬁgures indicate that the users of the same cluster had similar navigation behavior (i.e., were navigating in a linear/non-linear
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Table 3
Cognitive style ratio based on Riding’s psychometric test.
Group

Users

Wholist/Analyst range

Group

Users

Verbal/Imager range

Wholist
Intermediate
Analyst

7
12
3

[0.786, 1.000]
[1.030, 1.337]
[1.424, 1.853]

Verbal
Intermediate
Imager

11
5
6

[1.121, 1.248]
[0.998, 1.040]
[0.832, 0.962]

Table 4
Cognitive style ratio of clustered users based on Riding’s psychometric test.
Cluster
1
2
3

Users

Wholist/Analyst range

Users

Verbal/Imager range

8
12
2

[0.786, 1.030]
[1.099, 1.424]
[1.776, 1.853]

6
7
9

[1.121, 1.248]
[0.958, 1.040]
[0.832, 0.941]

manner). Speciﬁcally, all three metrics grouped consistently the
users in clusters characterized by linear/non-linear users based on
their navigation behavior; Cluster 1 contains users with linear navigation behavior, e.g., based on ADL, 10 users had a range between
0 and 1.667 that indicates a linear approach of navigation, whereas
in Cluster 2, based on ADL, 2 users had a range between 3 and 4
that indicates a non-linear approach. Remember that the ADL metric measures the distance between each link visited by the users.
This ﬁnding encourages the use of the above metrics for further
investigation. The distinct groups of users formed can be used to
adapt the design of Web applications to accommodate the needs of
each group of users navigated in a Web environment.
Fig. 6(a)–(c) shows the variance of the metrics ADL, ASL and AGL
using box plots in relation to the clusters formed in the ﬁrst three
cases of Table 5. The box plots show that each metric can distinguish
effectively the users in two distinct clusters (signiﬁcantly different
values and mean values are observed in each cluster case).
Table 6 presents the obtained ranges of the users’ cognitivebased proﬁles in each cluster based on the users’ interactions with
the navigation menu and Fig. 7 the membership degree of each
user in the clusters formed based on the metrics. For example, the
cognitive style of the users grouped based on their interactions
with the navigation menu in the ﬁrst cluster is between the values 0.827 and 1.853 regarding the Wholist/Analyst dimension and
between the values 0.856 and 1.248 regarding the Verbal/Imager
dimension. Accordingly, the respective cognitive typologies of
users of each cluster are variant (range 0.827–1.853 regarding the
Wholist/Analyst dimension) indicating that currently, no safe conclusions can be drawn whether cognitive styles of users correlate
with the navigation behavior of users (i.e., linear or non-linear).
Fig. 7 shows for each cluster formed by using the metrics ADL,
ASL and AGL what type of cognitive typologies appear on the left
based on Riding’s CSA and on the right based on a modiﬁed CSA.
The modiﬁed CSA was used to further distinguish some Intermediate users to Light Analysts or Light Wholists. In particular, in the
case of Wholists the rule “if a user has a ratio of response times
higher than 1.02 but lower than 1.15 then the user is assigned to
the Light Wholist group” was applied, whereas in the case of Analysts the rule “if a user has a ratio of response times higher than
1.15 but lower or equal as 1.35 then the user is assigned to the Light
Analyst group”. The main observation is that in each cluster mixed
types of cognitive style users exist based on Riding’s CSA. However,

using the modiﬁed CSA the majority of users in the ﬁrst cluster that
had linear navigation behavior are Wholists and Light Wholists. In
this respect, such a ﬁnding suggests that applying a fuzzy rule in
the cognitive style classiﬁcation process of users reveals more clear
relation between users’ navigation behavior and cognitive style.
Furthermore, the same cluster analysis was performed on the
interactions of the users with content links (i.e., hyperlinks of the
article that were connected with other articles of the Web environment). Table 7 suggests that the proposed metrics group users
in clusters based on their linear/non-linear navigation behavior.
In particular, all three metrics have grouped users that had linear
navigation behavior in Cluster 1 and users with non-linear navigation behavior in Cluster 2 based on the Content Link Interactions of
users.
The box plots illustrated in Fig. 8 show that the two clusters
formed in using the Content Link Interactions taking into consideration the three proposed metrics are signiﬁcantly different in terms
of values and mean values.
Furthermore, Table 8 presents the obtained ranges of the users’
cognitive proﬁles in each cluster based on their interactions with
the hyperlinks inside the content and Fig. 9 the membership degree
of each user in the cluster based on the metrics. The results summarized in Table 8 indicate that the clusters created based on the
sequence of interactions with the content links had users with variant cognitive typologies suggesting that no strong relation seems
to exist between the cognitive styles of users and their navigation
behavior. A possible interpretation of these results can be based
on the fact that some successive content links may not have a
close semantic relationship and thus not clearly reﬂected on the
navigation behavior of users (linear or non-linear).
For both navigation menu and Content Link Interactions, twostep clustering was also performed using the combination of all
three metrics, primarily to obtain each metrics’ signiﬁcance, visualize the distribution of each proposed metric used for clustering
and conﬁrm their ability to cluster users in signiﬁcantly different
clusters. The distance was measured using the log-likelihood distance measure between each case and its classiﬁcation center. The
clustering results of two-step clustering for the Navigation Link and
Content Link Interactions are illustrated in Fig. 10. The dark shaded
features in the third row indicate which metrics are the most signiﬁcant in obtaining the clusters. The distribution of each metric in
each cluster is also illustrated in the same row. The darker and the

Table 5
Descriptive statistics of clusters (k = 2) per metric based on Navigation Menu Interactions.
Metric

ADL
ASL
AGL

Cluster 1

Cluster 2

Users

Range

Mean

Stdev

Users

Range

Mean

Stdev

10
2
4

[0.000, 1.667]
[0.583, 1.000]
[0.500, 0.750]

1.283
0.792
0.601

0.489
0.295
0.123

2
10
8

[3.000, 4.000]
[0.000, 0.286]
[0.800, 1.000]

3.500
0.084
0.903

0.707
0.107
0.083
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Fig. 6. Box plots of clusters formed for Navigation Menu Interactions using (a) ADL, (b) ASL and (c) AGL metrics.

Table 6
Cognitive style ratio of clustered users (k = 2) based on Navigation Menu Interactions.
Metric

Range of Cluster 1

ADL
ASL
AGL

Range of Cluster 2

Wholist/Analyst

Verbal/Imager

Wholist/Analyst

Verbal/Imager

[0.827, 1.278]
[1.221, 1.278]
[0.827, 1.221]

[0.856, 1.248]
[0.856, 0.962]
[0.856, 1.124]

[0.849, 1.853]
[0.827, 1.853]
[0.849, 1.853]

[0.998, 1.126]
[0.874, 1.248]
[0.874, 1.248]

Fig. 7. Membership in each cluster for metrics ADL, ASL and AGL for the Navigation Menu Interactions using (a) Riding’s CSA and (b) modiﬁed CSA.

Table 7
Descriptive statistics of clusters (k = 2) per Metric based on Content Link Interactions.
Metric

ADL
ASL
AGL

Cluster 1

Cluster 2

Users

Range

Mean

Stdev

Users

Range

Mean

Stdev

9
6
8

[0.000, 1.625]
[0.500, 1.000]
[0.500, 0.750]

1.171
0.616
0.639

0.502
0.199
0.103

12
15
13

[1.778, 3.333]
[0.000, 0.412]
[0.786, 1.000]

2.258
0.247
0.925

0.467
0.133
0.088

Fig. 8. Box plots of clusters formed for Content Link Interactions using (a) ADL, (b) ASL and (c) AGL metrics.
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Table 8
Cognitive style ratio of clustered users (k = 2) based on Content Link Interactions.
Metric

ADL
ASL
AGL

Range of Cluster 1

Range of Cluster 2

Wholist/Analyst

Verbal/Imager

Wholist/Analyst

Verbal/Imager

[0.819, 1.776]
[0.819, 1.248]
[0.819, 1.776]

[0.861, 1.248]
[0.861, 1.121]
[0.885, 1.248]

[0.786, 1.853]
[0.786, 1.853]
[0.786, 1.853]

[0.832, 1.154]
[0.832, 1.248]
[0.832, 1.128]

Fig. 9. Membership in each cluster for metrics ADL, ASL and AGL for the Content Link Interactions using (a) Riding’s CSA and (b) modiﬁed CSA.

lighter distribution indicate the cluster and the overall data distribution respectively. The last row shows the distribution of cognitive
style typologies of the users in each cluster based on Riding’s CSA.
In the case of Navigation Menu Interactions, the ADL metric is the
most signiﬁcant variable in obtaining two clusters (k = 2). Furthermore, the majority of users were grouped in Cluster 1 given that
most of them were Wholists and Light Wholists and had linear navigation behavior. In addition, some users were not included in any
of the two clusters since no sufﬁcient data existed about their interactions with the Navigation Menu. In the Content Link Interactions
case, the ADL metric, as well as the rest metrics are important. The

distribution allows us to observe for the ADL metric in the Content
Link Interactions for instance, a lower proportion of values for the
users in Cluster 1 and a higher proportion for the users in Cluster 2
exist. In this respect, the ADL metric could be used in a personalization engine that would implicitly identify the navigation behavior
of the Web-site visitors and further correlated with their cognitive
style to decide which adaptation effects to communicate to the user
interfaces.
In sum, no safe conclusion can be drawn whether cognitive
styles can relate to the navigation behavior of users (in regard with
linear/non-linear approach). Nevertheless, our addition of two new

Fig. 10. Clustering results of the (a) Navigation Menu Interactions and (b) Content Link Interactions of Experimental Study I.
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Table 9
Cognitive style ratio of users based on Riding’s psychometric test.
Group

Users

Wholist/Analyst range

Group

Users

Verbal/Imager range

Wholist
Intermediate
Analyst

30
29
25

[0.543, 1.002]
[1.046, 1.347]
[1.377, 3.170]

Verbal
Intermediate
Imager

41
22
21

[0.599, 0.980]
[0.980, 1.084]
[1.093, 1.489]

Table 10
Cognitive style ratio of clustered users based on Riding’s psychometric test.

classes to the Riding’s CSA (i.e., users that were classiﬁed as Intermediates and their ratio of answers was closer to the threshold of
the Wholist or Analyst class, were classiﬁed as Light Wholists or
Light Analysts respectively), has shown that many Wholists and
many former Intermediates (and now Light Wholists) had linear
navigation according to the metrics proposed. Speciﬁcally, consistently the majority of users in Cluster 1 formed using all metrics,
which had linear navigation behavior, were classiﬁed as Wholists
and Light Wholists. Such ﬁnding is in line with theory (Riding and
Cheema, 1991), that users belonging to the Wholist class tend to
have a more controlled and serial approach during navigation. The
results have also shown that k-means clustering technique can
group users of particular cognitive styles using measures obtained
from psychometric tests and that the proposed metrics can be used
to classify users in distinctive groups based on their navigation
behavior (i.e., linear/non-linear).

Cluster
1
2
3

Users
73
7
4

Wholist/Analyst range

Users

Verbal/Imager range

[0.543, 1.660]
[1.534, 3.111]
[1.619, 3.170]

30
35
19

[0.599, 0.898]
[0.921, 1.102]
[1.121, 1.489]

I. The ﬁgures report whether these mechanisms could create
cognitive-based groups of users based on the measures obtained
from the psychometric test. Regarding the Verbal/Imager dimension, the results indicate that the users are similarly distinguished
based on their cognitive proﬁle as in Table 9. However, a difference between the groupings of Verbals and Intermediates of the
two methods can be observed. In particular, the rule-based mechanisms applied, based on Riding’s suggested thresholds (Riding,
1991), groups 41 Verbals and 22 Intermediates whereas the clustering mechanism groups 30 Verbals and 35 Intermediates. This
may be due to the fact that the clustering performed does not
strictly apply Riding’s thresholds to decide on the typologies but
decides to form the clusters based on the metrics of the psychometric test. Thus, the clustering mechanism used in this study optimally
recalibrates the thresholds to form clusters based on the intrinsic characteristics of the sample under investigation. Therefore, for
example in the Verbal/Imager dimension the clustering performed
has grouped 13 more users as Intermediates which when further
analyzed (based on their cognitive ratio) were close to the Verbals’
and Imagers’ threshold (i.e., may be considered as Light Verbals
and Imagers). Hence, clustering mechanisms could be used as an
alternative method for highlighting differences in cognitive style
of users and capturing the fuzziness of the information available
(i.e., cognitive style ratios) to extract optimum groups of users.
Tables 11–14 summarize the results based on the cluster analysis of the users’ interactions with the system (i.e., Navigation
Menu Interactions and Content Link Interactions). Table 11 summarizes the clusters created based on the proposed metrics using the
interactions of users with the Navigation Menu. Similarly to Experimental Study I, the results indicate that the users of the same cluster
group had similar navigation behavior (i.e., linear/non-linear navigation). In particular, Cluster 1 contains users with linear navigation
behavior, e.g., based on ADL 44 users had a range between 0 and

3.6. Experimental Study II – results and discussion
The second study aimed to examine a sample of users with
increased interaction in the Web 2.0 environment. The navigation
behavior and the cognitive style typologies were investigated in
a similar context but when dealing with problem-based tasks. As
previously explained, the users were asked a set of questions for
which the answers could be found in the articles and by navigating through the Web content. Similarly with Experimental Study I,
the following analyses were performed: (i) k-means clustering on
the answers of users to the psychometric test, (ii) k-means clustering on the navigation pattern of users (interaction metrics) in the
online encyclopedia system, and (iii) two-step clustering in order
to analyze the metric’s signiﬁcance and distribution.
Table 9 summarizes the cognitive-based groups of users
involved in the experiment based on the measures obtained from
the psychometric test. Regarding the Wholist/Analyst dimension,
users were distributed along the cognitive style range with 30
Wholists, 29 Intermediates and 25 Analysts. On the other hand,
in the Verbal/Imager dimension, Verbals outnumbered the Intermediates (22) and Imagers (21) with a total of 41 users.
Table 10 summarizes the cognitive-based groups of users based
on the same clustering mechanisms applied in Experimental Study

Table 11
Descriptive statistics of clusters (k = 2) per metric based on Navigation Menu Interactions.
Metric

Cluster 1
Users

Range

Mean

Stdev

Users

Range

Mean

Stdev

ADL
ASL
AGL

44
2
59

[0.000, 1.348]
[1.000, 1.000]
[0.200, 0.619]

1.109
1.000
0.443

0.280
0.000
0.107

34
76
19

[1.375, 3.000]
[0.000, 0.250]
[0.636, 1.000]

1.587
0.077
0.810

0.290
0.068
0.144

Cluster 2

Table 12
Cognitive style ratio of clustered users (k = 2) based on Navigation Menu Interactions.
Metric

ADL
ASL
AGL

Range of Cluster 1

Range of Cluster 2

Wholist/Analyst

Verbal/Imager

Wholist/Analyst

Verbal/Imager

[0.545, 3.111]
[1.061, 1.119]
[0.543, 1.534]

[0.707, 1.489]
[0.932, 0.985]
[0.734, 1.442]

[0.543, 3.170]
[0.543, 3.170]
[0.545, 3.170]

[0.599, 1.442]
[0.599, 1.489]
[0.599, 1.489]
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Table 13
Descriptive statistics of clusters (k = 2) per metric based on Content Link Interactions.
Metric

ADL
ASL
AGL

Cluster 1

Cluster 2

Users

Range

Mean

Stdev

Users

Range

Mean

Stdev

40
15
25

[0.000, 1.833]
[0.571, 1.000]
[0.286, 0.714]

1.078
0.811
0.546

0.509
0.190
0.134

18
43
33

[2.000, 4.000]
[0.000, 0.500]
[0.750, 1.000]

2.738
0.214
0.982

0.642
0.210
0.062

Table 14
Cognitive style ratio of clustered users (k = 2) based on Content Link Interactions.
Metric

ADL
ASL
AGL

Range of Cluster 1

Range of Cluster 2

Wholist/Analyst

Verbal/Imager

Wholist/Analyst

Verbal/Imager

[0.731, 3.170]
[0.543, 3.170]
[0.684, 3.111]

[0.599, 1.242]
[0.599, 1.242]
[0.702, 1.442]

[0.543, 3.111]
[0.684, 3.111]
[0.543, 3.170]

[0.702, 1.442]
[0.702, 1.442]
[0.599, 1.242]

1.348 that indicates a linear approach of navigation, whereas in
Cluster 2, based on ADL 34 users had a range between 1.375 and
3 that indicates a non-linear approach. Based on ASL, the resulting
clustering produced Cluster 1 with 2 users and Cluster 2 with 76
users. This indicates that at least for the current sample the average
number of sequential (linear) links visited by the users were not different in order to discriminate the users in two clusters. In fact, most
users (76) followed a non-linear navigation behavior according to
the sequence of links used.
Fig. 11 also illustrates the clusters formed using the three
metrics for each clustering case of Table 11 through box plots. It is
evident that only the clustering using the AGL metric distinguishes
clearly two clusters (i.e., Clusters 1 and 2) since they present high
variances in terms of values and mean values.
Similarly to the results obtained from the Experimental Setup
I, Tables 12 and 14, suggest that no absolute correlation exists
between cognitive styles of users and their navigation behavior
(i.e., linear vs. non-linear). However, the box plots in Fig. 13 show
that the ADL and the ASL metrics can distinguish users of particular
navigation behavior based on their Content Link Interactions.
Fig. 12 presents the cognitive styles of users in clusters formed
using the Navigation Menu Interactions taking into consideration
Riding’s CSA and the modiﬁed CSA as explained previously. The
modiﬁed CSA typically assigned Intermediate users in the Light
Wholist or Light Analyst classes in an average rate of 49% and 20%
respectively across the clustering performed for all the metrics,
with the majority having linear navigation behavior. In this respect,
similarly to Experimental Study I, applying a fuzzy rule in the cognitive style classiﬁcation process of users revealed more clear relation
between users’ navigation behavior and cognitive style since users
tending to be Wholists had linear navigation behavior.
Finally, Table 13 indicates that the proposed metrics group users
that had linear navigation behavior in Cluster 1 and users with

non-linear navigation behavior in Cluster 2 based on the Content
Link Interactions of users.
Based on the box plots of Fig. 13 we reach to the same conclusion
as in the previous experimental study, that the two clusters formed
using the Content Link Interactions and by taking into consideration
the three metrics are signiﬁcantly different in terms of values and
mean value. The box plots clearly show that Cluster 1 and Cluster 2 in all metrics contain users following linear and non-linear
navigation behavior respectively using Content Link Interactions.
Fig. 14 illustrates the cognitive styles of the users in each cluster
formed using the Content Link Interactions based on Riding’s CSA
and on the modiﬁed CSA. The main observation from this analysis is
that the modiﬁed CSA now assigns Intermediate users in the Light
Wholist or Light Analyst classes in an average rate of 47% and 26%
respectively across the clustering performed for all the metrics. In
this case, no clear relationship was observed between cognitive
styles and navigation behavior of users since cognitive styles varied
across all clusters, with some cases however indicating that based
on the modiﬁed CSA analysis, the number of Wholist users was
slightly bigger in the cluster with users having followed a linear
navigation.
In addition, the results using two-step clustering for the Navigation Menu and Content Link Interactions are presented in Fig. 15
using the combination of all three metrics, with the aim to obtain
each metrics’ signiﬁcance, visualize the distribution of each proposed metric used for clustering and conﬁrm their ability to cluster
users in signiﬁcantly different clusters. As in Experimental Study I,
the distance was measured using the log-likelihood distance measure between each case and its classiﬁcation center. The most dark
shaded feature in the third row indicates the most signiﬁcant variable in obtaining the two clusters (k = 2) formed. The distribution
of each metric in each cluster is also illustrated in this row. The
darker and the lighter distribution indicate the cluster and the

Fig. 11. Box plots of clusters formed for Navigation Menu Interactions using (a) ADL, (b) ASL and (c) AGL metrics.
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Fig. 12. Membership in each cluster for the metrics ADL, ASL and AGL for the Navigation Menu Interactions of Experimental Study II using (a) Riding’s CSA and (b) modiﬁed
CSA.

Fig. 13. Box plots of clusters formed for Content Link Interactions using (a) ADL, (b) ASL and (c) AGL metrics.

overall data distribution respectively while the last row shows
the distribution of cognitive style typologies of the users in each
cluster. In the Navigation Menu Interactions case the dark shaded
feature in the third row indicates that the ASL metric is the most
signiﬁcant variable in obtaining these two clusters (k = 2). The distribution of each metric in each cluster (illustrated in the same row)
indicates that the majority of users had a sequential approach on
the navigation menu, and were therefore grouped in Cluster 1. In
addition, the majority of these users tended to be Wholists (after
applying the fuzzy rule on the cognitive style ratios) revealing a

relationship between cognitive style and navigation behavior of
users. Regarding the Content Link Interactions, the AGL and ASL
metrics are the most signiﬁcant variables whose distribution is left
skewed in Cluster 1 and right skewed in Cluster 2.
In sum, results revealed that k-means clustering can group users
of particular cognitive styles using measures obtained from psychometric tests and that the user interaction metrics proposed could be
used to classify users in distinctive groups based on their navigation
behavior (i.e., linear/non-linear). Also, results indicate that differences exist in navigation style between users (linear/non-linear),

Fig. 14. Membership in each cluster for the metrics ADL, ASL and AGL for the Content Link Interactions of Experimental Study II.
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Fig. 15. Clustering results of the (a) Navigation Menu Interactions and (b) Content Link Interactions of Experimental Study II.

however, no safe conclusion can be drawn whether the navigation
style can be strongly related to cognitive styles of users. Nevertheless, by applying the fuzzy rule to the cognitive style ratio (i.e.,
classifying Intermediate users to Light Wholists or Light Analysts),
has shown that users being Wholists, or that tended being Wholists
(Light Wholists) had linear navigation according to the metrics proposed. Such an observation suggests that fuzzy rules could be used
as an alternative to the existing strict rule-based method for classifying users in a particular cognitive style group, and thus handling
the classiﬁcation uncertainty of cognitive style which is driven by
the dynamicity of human nature.
4. Conclusions
The overarching aim of this work was to increase our understanding on navigation behavior of users in relation to their
cognitive style by studying their interaction within Web 2.0 environments utilizing speciﬁc clustering techniques. Accordingly,
speciﬁc navigation metrics have been proposed and utilized by
a clustering technique, with the aim to identify groups of users
that have similar navigation behavior and investigate the relation
to their cognitive style. Such a ﬁnding could provide a promising
direction toward the identiﬁcation of adaptation rules, based on
the abovementioned relationship, for a more user-centric interface
design. A practical implication of this work could be based on a
personalization engine that would implicitly identify the cognitive
style of Web-site visitors based on their navigation behavior and
further feed an adaptation engine with the users’ models providing
different adaptation effects. Adaptation effects based on different
cognitive style of users could for example group all the links of an
article in a ﬂoating menu in case of a Wholist user, thus, supporting
linear navigation behavior, or create a tabbed navigation menu for
enabling/disabling the corresponding section of an article in case of
an Analyst user. Furthermore, the paper also investigated whether
k-means clustering can group users of particular cognitive style
using measures obtained from psychometric tests.
The clustering of users based on the proposed navigation
metrics have shown promising results since the clustering technique grouped consistently the users based on their navigation
behavior (i.e., linear/non-linear). Such results indicate that individuals navigate differently in terms of linearity among hyperlinks

that have close semantic relationship. Furthermore, investigating the relationship between cognitive styles (based on Riding’s
CSA thresholds) and the navigation pattern followed by each user
revealed that users of the same cluster group, although had similar
navigation behavior (i.e., linear/non-linear), their respective cognitive style was variant. This is maybe due to potential weaknesses
of the reproduced version of Wikipedia at a conceptual level which
needs to be further studied or due to the strict rule-based algorithm applied on the users’ cognitive style ratios which might not
be able to handle the uncertainty of cognitive styles driven by the
dynamicity and complexity of human nature. On the other hand,
a modiﬁed cognitive style analysis applied on the clustered users
revealed that users with linear navigation behavior (belonging to
the same cluster) were commonly classiﬁed as Wholists or Light
Wholists (previously classiﬁed as Intermediates according to Riding’s CSA), which is in line with theory that users of the Wholist class
tend to have a controlled and serial approach to navigation (Riding
and Cheema, 1991). Accordingly, the proposed metrics could be
used by Web 2.0 providers for tracking the navigation behavior
of users and implicitly classifying users to a particular cognitive
style group for further utilization by decision making and adaptation mechanisms. For example, an adaptive Web 2.0 environment
could decide which type of navigation support could be provided
to the users based on the degree of linearity of their navigation and
cognitive style, e.g., users with linear navigation behavior and holistic cognitive style could be provided with supportive navigation
support tools stressing linear navigation through the hyperlinks
with the aim to increase the efﬁciency and effectiveness of task
completion and overall improve the users’ experiences.
Finally, results have also shown that k-means clustering could
be applied effectively on the data extracted from cognitive style
elicitation tests by assigning the users into a cognitive-based cluster. Results revealed that clustering mechanisms can be used as
an alternative method for forming groups of users with particular
cognitive style, handling the uncertainty and fuzziness of the information available (e.g., ratio) to extract optimum groups of users,
rather than using a strict rule-based mechanism that highlights
differences in cognitive style based on speciﬁc thresholds.
The limitations of the current work are related to the difﬁculty
to obtain full control in such complex Web environments, the
small sample of users participating in the study, the number
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of clusters used in the analysis (for example in larger samples
perhaps a higher number of clusters could be found), the selection
of clustering method, the effect of outliers and the order of cases
analyzed. We have addressed some of these threats by examining
various cluster sizes and clustering mechanisms and reaching
to a conclusion which ones to use. On the optimum number of
clusters we decided to extract number of clusters based on the
cognitive proﬁles of the users. In addition, since we also had a
moderately sized set of samples this meant that the selection
of k-means clustering was a reasonable choice. The results of
k-means clustering may depend on the order of the users using the
online environment and thus we have had arranged the samples
in a random order to address this threat. In addition, the fact
that the k-means clustering algorithm is sensitive to the initial
randomly selected cluster centers we have eliminated this threat
by repeating the algorithm execution several times.
A future research prospect is to conduct further studies investigating the relation of cognitive styles of users with other types of
navigation behavior than the ones investigated in this work (i.e.,
linear/non-linear) as well as capture and study the users’ interactions with other Web objects (e.g., drop down lists, drag and drop
tools, Web forms). In addition, carrying out a single assessment of
users’ cognitive style might not fully justify the users’ classiﬁcation
into speciﬁc cognitive style groups since individuals might be inﬂuenced by other circumstances over time such as emotions, urgency,
etc. In this respect, further studies need to be conducted in order
to reach to more concrete conclusions about the effect of cognitive style of users on their navigation behavior and the adaptation
of Web 2.0 environments. Furthermore, we plan to investigate the
effect of users’ navigation behavior during collaborative and sharing activities as well as evaluate the proposed approach and metrics
in other Web environments (e.g., social networks, collaboration
platforms). Another future activity might include automatically
predicting the cognitive style of users utilizing their navigation
behavior using artiﬁcial intelligence techniques. Since content and
functionality of Web 2.0 environments is either presented visually,
verbally or auditory, and users may have speciﬁc navigation behavior, e.g. linear or non-linear navigation behavior, this work can be
useful for assisting adaptive Web 2.0 environments to organize and
present information and functionalities in an adaptive format to
diverse user groups.
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