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Abstract This paper presents an empirical study aiming
at investigating individual differences and behavioral
metrics involved in modeling web navigation. Factors
that have an influence on web navigation behavior were
identified with the aid of task analysis, and their rele-
vance in predicting task outcomes (performance, satis-
faction, perceived disorientation) was tested with the aid
of multiple regression analysis. Several types of naviga-
tion metrics were calculated based on web logging data
and used as indicators of user characteristics and task
outcomes. Results show that spatial-semantic cognitive
mechanisms seem to be crucial in adequately performing
web navigation tasks. The fact that user characteristics
and task outcomes can be estimated with reasonable
accuracy based on navigation metrics suggests the pos-
sibility of building adaptive navigation support in web
applications.

Keywords Web navigation Æ Individual differences Æ
Navigation metrics

1 Background

Navigation is a major part of user experience on the web
[1]. This particular type of behavior is triggered by a
specific type of applications, which has become very
common nowadays, namely web-based applications. The
user interface of these applications (web inter-
face—WI—as called in [2]) has some characteristics that
differentiates it from other types of interfaces, such as
command language interface (CLI), graphic user interface
(GUI), direct manipulation interface (DMI), interface

windows, icons, menus and pointing devices (WIMP),
speech user interface (SUI), virtual reality (VR), etc.
Unlike inGUI,DMI andWIMP interfaces, wheremainly
the functionality of an application is explored, WIs
prompt the user to explore the domain knowledge. In fact,
web users face two different interfaces:

– The browser interface, which remains consistent in
daily use, and

– The site interface, which changes from site to site.

While the browser interface is rather easy to learn, it
is impossible to provide adequate training on how to
navigate through the many thousands of websites that
the user may visit [1].

Web interfaces and the facility of navigation through
large information spaces brought new problems for
application designers and usability specialists; cognitive
overload and disorientation are the main ones [3]. Inter-
faces have been traditionally designed with the function
of providing users with information and means so that
they can perform their tasks. In the case of WIs, this
function has developed so much that it has almost be-
come a burden for the user. Therefore, adequate ways to
filter the information that is offered to the user and to
guide navigation through the information space are
necessary. The user must also be assisted in deciding
what information is relevant, trustworthy, useful, etc. In
order to achieve these functions, WIs must be aware of
the user; in other words, they must incorporate a model
of the user.

There is a vast amount of literature showing and
analyzing individual differences involved in web navi-
gation. Thus, Eveland and Dunwoody [4] notice that
novices tend to make use of a linear structure in
hypermedia systems when it is made available, while
experts tend to navigate non-linearly. MacGregor [5]
demonstrated that students who had greater domain
knowledge evidenced more purposeful navigation and
allocated time more variably to different information
nodes when they were studying using hypertext
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environments. Also, novices who possess less domain
knowledge do not benefit from menu choices as much as
experts [6]. Spatial ability is an important determinant of
hypermedia navigation performance, as reported in
several studies [7]. It has also been shown that individ-
uals with low spatial abilities have difficulties in con-
structing, or do not use, a visual mental model of the
space [8], and they are more directed to the semantic
content [9]. Students with an internal locus of control are
better able to structure their navigation and take
advantage of hypertext learning environments [5]. Aging
is associated with decreases in working memory capacity
[10] and computer confidence [11]. Women report higher
levels of spatial anxiety, which is negatively related to
the orientation way-finding strategy [10].

Research aimed at modeling cognitive mechanisms
involved in web-navigation is gaining increasing influ-
ence in the HCI community [12–16]. A cognitive model
of Web navigation should be able to simulate the navi-
gation behavior of real users. An example of such a
model, called CoLiDeS, is proposed in [16]. It explains
how users parse and comprehend the content of a Web
page and then select what action to perform next. This
model uses Latent semantic analysis (LSA) [17] to esti-
mate the semantic similarity between user goals and
semantic objects on web pages (e.g., link anchors).
CoLiDeS constitutes the theoretical base of a usability
evaluation method, called Cognitive Walkthrough for
the Web (CWW) [18], which is used to identify and
repair usability problems related to navigation in web
sites.

A related line of research aims at modeling the user’s
navigation behavior in order to provide adaptive navi-
gation support in web applications [19]. A user model
can include (relatively) stable characteristics such as
gender, age, education level, and dynamic (changing)
characteristics such as goals and preferences. Stable
characteristics do not pose any difficult problem for the
designer of a personalized web application. The dynamic
navigator’s model is more challenging and more useful
for the goals of personalization. A dynamic navigator’s
model could include:

– Syntactic information about navigation behavior
(which links are followed, in which order, how does
the navigation graph look, e.g., linear or nonlinear).

– Semantic information (what is the meaning of the
information that the user encountered during navi-
gation, which of this information was processed/
found relevant by the user).

– Pragmatic information (what is the purpose of the
user in using that information, what are the user’s
goals and tasks).

The distinction between syntactic/semantic/prag-
matic information applied in the analysis of web navi-
gation behavior is analogous to the same distinction in

the field of linguistics. In the context of modeling web
navigation as discussed in this paper, ‘syntactic’ means
structural, topologic information, ‘semantic’ refers to
the content of visited pages, and ‘pragmatic’ information
indicates what are the reasons and gains of visiting
certain pages.

1.1 Research objectives and questions

The study presented in this paper aimed at building a
model of web navigation with applicability in web
usability and design of personalized web applications.

The initial step was to identify factors that were able to
predict task outcomes such as performance, satisfaction
and reliability. Some of these factors were person-related
(user characteristics) and others were interface- and
context- related.

Subsequently, navigation data was used to estimate
person-related factors (user characteristics) and predict
task outcomes. The focus was on data automatically
recorded as a byproduct of a navigation session (web
logging data), because it was easy to collect such data in
real time and unobtrusively.

A review of the issues that were considered in this
study is presented in Fig. 1. Research questions about
these issues were as follows:

– Are the hypothesized factors indeed significant as
predictors of task outcomes? Which ones are the best?

– What is the relative importance of each factor in
predicting task outcomes?

– How well can each of the task outcomes be predicted?
– Is it possible to predict user characteristics based on

navigation behavior? For example, how accurately
spatial ability can be predicted based on navigation
metrics?

– Is it possible to predict task outcomes based on nav-
igation behavior? For example, how accurately can
user’s perceived disorientation be predicted based on
navigation metrics?

– How accurately can task outcomes be predicted based
on both user characteristics and navigation metrics?

Fig. 1 Overview of issues considered in this study
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2 Methodology

2.1 Task analysis

Published research shows that domain knowledge
(knowledge that is needed to successfully perform tasks
in a particular domain) is a key factor in successful web
applications [7], and other factors could also be domain
dependent. Consequently, a task domain had to be de-
fined in order to capture the influence of those factors
that are domain specific.

A valuable source of insight into what types of
activities significantly impact people’s decisions and ac-
tions was found to be the survey conducted by Morrison
et al. [22]. Looking at the collection of incidents men-
tioned in [22], one can notice that there are some
activities that seem to be frequent and specific enough to
constitute a domain, and that this type of activities has
received insufficient attention in research and applica-
tion so far. The following incident is an example:

I accessed Netscape’s financial site to check my credit
card balance and how long it would take to pay it off.
I’m now MUCH more fiscally aware of my spending
habits and am trying to pay off my balance more
actively.

We call this domain Web-assisted Personal Finance
(WAPF). It includes using the web to setup personal
financial goals, keep a personal budget, decide to save or
invest, do financial transactions, finance life events such as
studying, etc. Three websites were used in this study. Two
of them are dedicated to WAPF, and provide users with
advice and tools (such as planners, calculators, educators)
to deal with their financial problems. The third one, an
e-commercewebsite, was used as a reference, being known
as a reasonably well-designed web application.

An exploratory task analysis within this domain al-
lowed to understand which were the most relevant suc-
cess factors and to build a hypothetical model [48]. Some
results of task analysis that determined the composition
of the hypothetical model are:

– Some subjects were capable of deploying a fast,
elaborated and effective web navigation behavior.
Consequently, a factor concerning Internet expertise
was considered.

– Although tasks were conceived in such a way as to
require as little previous knowledge as possible, it was
noticed that a certain familiarity of users with the
financial domain was an advantage.

– Spatial ability was included in the hypothetical model
based on the high frequency of spatial terms used in
subjects’ verbalizations, even when they were dealing
with completely non-spatial issues. Examples of ver-
balizations with spatial connotation include: ‘‘where
am I’’, ‘‘let’s go in another place’’, ‘‘I’m stuck in these
analyzers‘‘, ‘‘I saw it somewhere’’.

Another goal of task analysis was to collect realistic
task instances. Real life tasks do not require only finding
information, but also problem solving and decision-
making [23]. Tasks in WAPF include:

– Information search (e.g., ‘‘What is the definition of
financial goal?’’);

– Personal life planning (e.g., ‘‘Setup a personal bud-
get’’);

– Problem solving (e.g., ‘‘How much do I need to save
monthly in order to buy a car in 4 years?’’);

– Personal decision-making (e.g., ‘‘What kind of car can
I afford?’’).

2.2 Variables and indicators

2.2.1 Task outcomes

Criteria for task outcomes were specified during task
analysis. The intention was to find a small number of
criteria to cover as many task outcomes as possible.
Effectiveness, efficiency and satisfaction were taken from
ISO9241-11 [24] and effectiveness and efficiency were
grouped under the label performance. Performance
denotes task success (effectiveness) obtained with mini-
mum resources (efficiency). Satisfaction refers to users’
affective experience toward task execution and task results.

Besides performance and satisfaction, another crite-
rion was considered necessary to cover the undesirable
aspects of task outcomes. There is a vast literature
showing that models of human performance are incom-
plete if they consider only correct performance and ne-
glect human error or, more general, human fallibility.
For example, Reason [25] states that correct performance
and error are like active and passive sides of a cognitive
balance; each debit has a corresponding credit. For in-
stance, skills development increases performance but
also the risk of error, by turning off the conscious control
mechanisms. In the field of human-computer interaction,
van Oostendorp and Walbeehm [26] argue for the
necessity of (and propose some modeling techniques for)
considering errors, inefficiency and problem-solving
processes in modeling human behavior in interaction
with direct manipulation interfaces. Since the work pre-
sented in this paper takes into account not only errors,
but also other undesirable aspects of task execution, such
as stress, cognitive workload, disorientation, frustration,
violations of privacy, etc., a more generic term was
chosen, namely reliability, which is the antonym of ‘fal-
libility’. In this context, reliability refers to avoiding or
minimizing negative outcomes of task execution (see
Sect. 2.3. for an operationalization of reliability).

2.2.2 Predictors

As already discussed in Sect. 1, potential predictors in-
clude user characteristics, interface and context factors,

260



and navigation metrics. They will be described in more
detail in this section.

2.2.2.1 User characteristics Some user characteristics
were hypothesized (based on task analysis and previous
research) to have an influence on task outcomes. They
were grouped, on a conceptual basis, into cognitive,
affective, conative and demographic factors.

The distinction between cognition, affection and
conation is well-founded in psychology; all human
behavior involves some mixture of all three aspects
[29–32]. Cognition refers to the process of coming to
know and understand, i.e., the process of encoding,
storing, processing, and retrieving information. It is
generally associated with the question of ‘‘what’’ (e.g.,
what happened, what is going on now, what is the
meaning of that information). Affect refers to the emo-
tional interpretation of perceptions, information, or
knowledge. It is generally associated with one’s attach-
ment (positive or negative) to people, objects, ideas, etc.,
and relates to the question ‘‘How do I feel about this
knowledge or information?’’. Conation etymologically
comes from the Latin verb conare, meaning to strive. It
refers to the connection of knowledge and affect to
behaviour, and is associated with the issue of ‘‘why’’. It
is the personal, intentional, deliberate, goal-oriented, or
striving component of motivation, the proactive (as
opposed to reactive or habitual) aspect of behavior [33].
It is closely associated with the concept of volition, de-
fined as the use of will, or the freedom to make choices
about what to do [34]. Some of the conative issues one
faces daily are:

– What are my intentions and goals?
– What am I going to do?
– What are my plans and commitments?

Conation is absolutely critical when an individual is
successfully engaged in self-direction and self-regulation
[35]. Age and gender of participants were considered as
demographic factors.

2.2.2.2 Interface and context factors Given the scope of
this study, only a few of the interface and context factors
that could have an influence on task outcomes could be
investigated. Others were randomized or kept constant.
By choosing three different websites to be used as re-
search material, factors pertaining to site structure or
interface design were randomized. Sites’ usability was
explicitly measured as an interface factor.

With regard to different usage contexts that could
have an influence on task outcomes, we kept as constant
as possible the room, the type of computer and all the
other contextual factors that could influence users’
navigation behavior, except the factor Time constraints
that was experimentally manipulated. By trying to in-
duce the feeling of time pressure in a half of the involved

subjects, the conducted study attempted to simulate part
of the ‘mobile context’ of web navigation [27].

2.2.2.3 Navigation metrics An important amount of
behavioral data about web navigation is available in web
logs. Besides its availability, using this data in modeling
web navigation is justified when one has the aim of
personalization in mind: web logging data is collected
unobtrusively and in real time, analysis of this data can
be automated, and adaptive reactions of the application
can be based on analysis results.

Interaction events that can be logged during a navi-
gation session are quite numerous: page downloads,
view time, use of buttons, etc. Some data about the web
structure being navigated is also available: page title/
URL, number of words per page, number of outgoing/
incoming links etc. This constitutes the raw data of web
navigation, which progresses toward information and
knowledge via analytic and interpretational undertak-
ings during the modeling process.

A number of analyses can be performed on the raw
data in order to extract some useful information out of
this data. The results of these analyses are referred to as
navigation metrics. Extracting information out of navi-
gation data by the aid of various navigation metrics is
the way toward acquiring knowledge about the user.

Different types of information can be derived from
navigation data: syntactic, semantic and pragmatic (see
Sect. 1 for a description of these types). Within this
study, based on raw web-logging data, two types of
syntactic metrics (first-order and second-order metrics)
and one semantic metric (path adequacy) were calcu-
lated as presented below. These metrics are used as
predictors in the analyses presented in Sect. 3.

The raw data consisted of:

– Interaction events. For each navigation session, the
following data was collected: page visited and link
followed; time of visit; page load time and length of
visit; navigation action (e.g., link, address bar, refresh,
back button).

– Site structure data. For each page the following data
was collected: URL and host; size in bytes; number of
words and images; number of outgoing links; title and
author; source code. For each link the following data
was collected: source and target page; text associated
with the link; type of link (internal, external).

First-order metrics A first set of navigation metrics was
labeled first-order metrics, because it was derived
directly from the raw data, without taking into consid-
eration any usage matter. For example, average con-
nected distance (ACD) was calculated independent of
back button use (BBU), and did not take into consid-
eration the fact that low values on ACD were associated
with high values on BBU and vice-versa (r=�0.49).
This latter information was used in calculating second-
order metrics.
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After successive trials, a number of 19 metrics were
selected to be used in further analyses. They are briefly
described below (Table 1). For a more detailed discus-
sion about these metrics see [27].

Second-order metrics As it is most likely that patterns
in the first-order metrics occur quite often simulta-
neously, second-order navigation metrics—linear com-
binations of the first order metrics—were calculated.
They are described in Sect. 3.2.

Path adequacy A semantic metric, called Path ade-
quacy, was calculated based on navigation data and the
task descriptions that subjects were provided with at the
beginning of the navigation session. This metric is also
described in Sect. 3.2.

2.3 Operationalization

The operationalization of the hypothetical model [48]
consisted in expressing each factor in measurable vari-
ables and indicators.

Thus, the cognitive factor expertise was first divided
in Internet expertise and Finance expertise. An Internet
expertise measure was constructed based on users self
reported frequency of Internet use and their self-assessed
level of knowledge and skills in web navigation. Finance
expertise was measured with items such as: ‘‘Have you

ever used a personal finance website (Yahoo Finance,
MSN Money etc.)?’’.

The variables, spatial ability, episodic memory, and
working memory were measured with computerized
cognitive tests provided by TNO—Human Factors
Institute. The ‘Spatial ability test’ used the classical
mental rotation task, and the spatial ability score was
the number of correct solutions obtained by rotating
three-dimensional objects (correct matches between ob-
jects and their rotated equivalents). The ‘Episodic
memory test’ presented three lists of 60 images each; the
participants had to loudly name the images in the first
two lists; between lists 2 and 3 there was a distraction
task (we used the ‘spatial ability test’ as a distraction
task, to efficiently use the testing time); list 3 contained
images that were presented before in lists 1 and 2
together with new images; the participants had to rec-
ognize the images that were presented in list 1. The
‘Working memory test’ used a reading span task [36]:
subjects were presented with series of phrases, the size of
series increasing progressively from two to seven phra-
ses; the participants were asked to loudly read the
phrases and try to understand their content; after each
series, the participants were asked to recall the last word
of each phrase in that particular series; for one random
phrase in the series participants were asked to fill in two
missing words, to ensure that they really treated the
whole content and not only the last words. The working

Table 1 First-order metrics

Metric Short label Description

Path length Pathleng The number of pages visited during the navigation session
Relative amount of revisits Revisits The probability that any URL visited is a repeat of a previous visit
Return rate Return The average number of times that a page was revisited
Back button usage Backbutton The percentage of back button clicks among the navigation actions
Relative amount of visits to the homepage Homepage Amount of visits to the homepage; ‘‘relative’’ refers to a correction

based on path length
Average view time Meanview The total time spent on viewing pages divided by path length
Median view time Medview The median of the view times spent on every page
Difference between the average and the
median view time

Difview The extent at which the average view time is overly influenced by
a minority of pages that are viewed carefully

Deviation in view time Devview It indicates how much the view time varies between pages
Time spent on larger pages Viewlarg Time spent on pages with number of words larger than the average

plus the standard deviation
Time spent on smaller pages Viewsmall Time spent on pages with number of words smaller than the average

minus the standard deviation
Time spent on index pages Viewindx Time spent on pages with a large number of outgoing links
Time spent on reference pages Viewref Time spent on pages with a small number of outgoing links
Relative Structural Complexity (‘fan degree’) Fandeg The ratio between the number of links followed and the number of distinct

pages visited. A large fan degree indicates that users tend to follow more
than one link from each page

Number of cycles Cycles The difference between the number of pages and the number of links. It
indicates the number of non-linear navigation steps

Path density Density It measures at what extent users make use of all possible links of the site
structure. A high path density indicates that a user makes use of short
navigation sequences and returns to visited pages

Compactness Compact It is a measure similar to path density except that it takes into account
the actual site structure (not all possible links in the site)

Stratum Stratum It is a metric designed to capture the linear ordering of user navigation.
A lower stratum means a lower distance between any two nodes and
indicates less linear navigation [28]

Average connected distance ACD It indicates the average length of a path between any two connected pages
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memory score was calculated based on correctness of
recalls. This test is more complete and more adequate
than digit span tests for working memory capacity, since
it takes into consideration not only information storage
but also information processing that is normally asso-
ciated with working memory capacity.

Locus of control refers to the individual’s belief
regarding the causes of his or her experiences, and those
factors to which an individual attributes his or her suc-
cesses and failures. Research shows that users with an
internal locus of control are better able to structure their
navigation and take advantage of hyperspace features
[5]. Locus of control was measured with a 20-item scale
[37]. The sequential-holistic cognitive style was measured
with items such as: ‘‘I like to break down large problems
into smaller steps’’ and ‘‘I like to look at the big picture’’
[38].

A measure of users’ affective disposition at the
beginning of the navigation session was built based on
users ratings of different affective states that they con-
sidered appropriate to describe their current disposition.
Subsequently, users’ ratings were factor analyzed and
grouped in three basic moods. Thus, active mood was
composed by the following affective states: determined,
calm, alert/vigilant, sluggish/lethargic/lazy (negative
sign), and blue/depressed (negative sign); Enthusiastic
mood was mainly composed of the enthusiastic, excited,
and strong states; and irritable mood contained mainly
the states irritable, sluggish (lethargic, lazy), nervous,
sleepy, and relaxed (negative sign).

Participants’ propensity toward trust [39] was mea-
sured with items such as: ‘‘People always can be trusted’’
and ‘‘People always take care only of themselves’’.

The factor called ‘Motivation’ was included in the
model based on observations during the experiment and
inspections of students’ answers to questionnaires items.
A dichotomous variable that differentiates between
participants from Utrecht University and Twente Uni-
versity was initially recorded just to check for sampling
errors. Afterwards, it was noticed that the students in
the two universities reported consistently different types
of interests, e.g., students from Utrecht University de-
clared higher levels of interests in entertainment and
personal development, whereas students from Twente
University declared higher levels of interests in personal
and professional businesses. This variable was hypoth-
esized to pertain to students’ motivation and goal ori-
entation. The differences between the two groups of
students (Utrecht vs. Twente) seemed similar to the
difference between mastery and performance goal ori-
entation. Mastery oriented students perceive new tasks
as an opportunity to learn or to acquire new skills,
whereas performance oriented students perceive tasks as
opportunities to demonstrate already existing
competence and skills [40]. This hypothesis must be
checked in further research, but, for this study, the new
dichotomous variable was used with the temporary label
‘‘Motivation’’.

Self-efficacy was measured with a questionnaire,
adapted from [41], containing items such as ‘‘I could
perform better using these websites if I had a lot of time
to complete the job for which the sites were provided’’.

The interests factor of the hypothetical model was
operationalized based on principal component analysis.
Participants were asked to indicate for what purposes
they use the Internet. Answers were factor analyzed, and
the two components that resulted were called ‘Interest
entertainment and personal development’ (for brevity,
interest entertainment) and ‘Interest personal and pro-
fessional business’ (for brevity, i n terest business),
respectively.

Perceived usability of the three sites used in the study
was measured with a selection of items from question-
naires [42] and [43], consisting of items such as: ‘‘It was
easy to use this website’’ and ‘‘I could effectively com-
plete my tasks using this website’’.

The factor time constraints was experimentally
manipulated. Half of the subjects (15) were instructed
that only 30 min was available to complete the naviga-
tion tasks, while the other half did not receive any time
indication. In fact, all subjects were given a maximum of
40 min to execute the navigation tasks. No clock or
other time indication was available.

The criterion performance was operationalized only
in ‘effectiveness’ (attaining of task goal). The degree of
success for each task was rated from 0 to 4 based on
correctness and completeness of answers. The ‘Effi-
ciency’ side of performance was not directly considered
because the time of the navigation sessions was kept
constant for all subjects. In this case, ‘efficiency’ of task
execution is implicitly considered in ‘effectiveness’. Other
non-temporal metrics of efficiency (e.g., number of steps
taken in solving a task) were more or less captured by
some of the navigation metrics (e.g., path length);
including them as criteria would have artificially inflated
the predictive power of the model.

Satisfaction as a criterion was measured by items such
as ‘‘It was an interesting experience to perform these
tasks’’, and ‘‘Overall, working to accomplish these tasks
was satisfying’’. This criterion did not refer to the sat-
isfaction of users toward the websites used; the latter
was captured by the usability factor. By separating sat-
isfaction toward the tools used (web sites) from satis-
faction toward task execution and results we aimed to
avoid the ‘common measure bias’ described by Takeishi
[49].

Reliability as a criterion was operationalized in this
study by variables perceived disorient a tion and frus-
tration. Perceived disorientation was measured with items
adapted from [44], such as ‘‘It was difficult to find the
information I needed on this site’’, and ‘‘It was difficult
to find my position after navigating for a while’’. Frus-
tration was measured with items such as ‘‘I felt
frustrated when I encountered difficulties in completing
the tasks’’, and ‘‘I felt angry when I couldn’t find what I
needed to complete the tasks’’.
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2.4 Subjects and procedure

The study was run with 30 participants in a single ses-
sion, lasting approximately 2.5 h. 15 participants (7 fe-
males and 8 males) were registered as students in the
Information Management Department of Twente Uni-
versity, and the other 15 participants (8 females and 7
males) were students in the Information Science
Department of Utrecht University. Participants were
selected randomly out of students’ catalogues of both
universities. Half of the participants were randomly as-
signed to the ‘Time constraints’ condition in which the
participants were instructed to finish the navigation
tasks in 30 min.

The first part of the sessions was dedicated to
questionnaires and cognitive tests aimed at measuring
user characteristics. The second part consisted in exe-
cution of web navigation tasks. This part lasted maxi-
mum 40 min for all participants (including those in the
‘time constraints’ condition). No clock was available,
participants were asked to put away their wristwatches,
and the computer clock was disabled. During the
navigation task, navigation behavior and task perfor-
mance were recorded. Subjects were informed that their
navigation behavior was recorded. Task performance
was recorded by the participants on a dedicated form
and coded afterwards by the experimenter. The third
part of the sessions consisted of administration of
usability and satisfaction questionnaires. Each partici-
pant received a compensation of Euro 20 at the end of
the session.

3 Results

Results are presented in the same order as suggested in
the overview of the issues considered in this study
(Fig. 1). Multiple linear regression analysis was used to
investigate the significance of hypothetic factors in pre-
dicting task outcomes, as well as the possibility of using
navigation metrics as estimates of user characteristics
and predictors of task outcomes. Including predictors in
regression models was based on the stepwise method,
thus the predictive power must be seen as the best one
can get with the minimum number of predictors. The
input of regression analysis is composed of predictors
and criteria described in Sect. 2.2. After each analysis,
the outcomes of the stepwise procedure were summa-
rized in tables presenting:

– The criterion (Dependent variable);
– The proportion of variance in criterion explained by

the significant predictors (R2);
– The predictors retained at the end of the stepwise

method as significant;
– The relative importance (beta coefficient) of each

significant predictor.

Predictors found to be not significant (excluded from
the model) are not listed with every analysis but they can
be easily recovered from the list of predictors presented
in Sect. 2.2.2.

3.1 Predicting task outcomes based on hypothesized
factors

All task outcomes could be predicted based on a limited
number of predictors with various effect sizes. Accord-
ing to Cohen [45], the effect size for regression is calcu-
lated with the following formula ES2 = R2 /(1-R2). An
effect size of 0.02 is considered a small effect, 0.15 a
medium one, and 0.35 a large one. In our case (Table 2),
the smallest multiple R2 (0.22) corresponds to a medium-
large effect size.

Task performance was best predicted by spatial ability
and domain (finance) expertise. In other words, the user
ability to represent the structure of the sites and their
domain knowledge were the most important determi-
nants of task success. Satisfaction was best predicted by
m o tivation,usability and interest in business. Users who
were motivated, perceiving the websites as usable and
not interested in business were more likely to be satisfied
with task completion. B usiness interest negatively
correlated with satisfaction (r=�0.38). A possible
interpretation is that subjects with interests in personal
and professional business have higher expectations and
they are more vulnerable to be dissatisfied when task
execution and results do not meet their expectations.
Disorientation was best predicted by usability and
working memory. Low working memory capacity and
low perceived usability were associated with increased
probability of users perceived disorientation. Frustration
was predicted by time constraints. Users in the ‘time
constraints’ condition reported a higher level of frus-
tration than users in the control condition.

3.2 Predicting user characteristics based
on navigation metrics

As presented in Sect. 2.2.2.3, several types of navigation
metrics were calculated: first-order, second-order (navi-
gation styles and reading time) and a semantic metric
called path adequacy. Few details about how second
order and semantic metrics were calculated are pre-
sented below.

Two different data analysis approaches were em-
ployed in deriving second-order navigation metrics:
unsupervised learning (principal component analysis) and
supervised learning (regression). The term ‘‘learning’’ has
only a statistical connotation here. It means deriving
new information based on existing information. In the
unsupervised learning approach, only patterns of
covariance in the first-order metrics were considered,
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regardless of any outside criteria (i.e., other independent
measures, e.g., task performance). The second-order
metrics resulted in this way were called navigation styles.
They were completely specified (numerically) by first-
order metrics. However, interpreting their meaning and
labeling them was based on their correlations with user
characteristics and task outcomes. In the supervised
learning approach, the task outcomes defined in Sects
2.2.1 and 2.3 were used as outside criteria in the attempt
to combine the first-order metrics. A second-order
metric was derived in this way and was called reading
time. It is a combination of several view time metrics
weighted in such a way as to ensure a significant corre-
lation with task performance.

3.2.1 Navigation Styles

A principal component analysis with equamax rotation
was run on the 19 first-ordermetrics presented above. A 4-
components solution that accounted for 85.95% of the
initial variance has been selected. Each component ac-
counted for 27.3, 23.8, 22.8, and 12.0 % of variance,
respectively. Component loadings in first-order metrics
and the correlations between factors and user character-
istics and task outcomeswere used to interpret the content
of each factor in terms of navigation styles, as follows.

Component 1. Flimsy navigation High scores on this
component were associated with small number of pages
visited, high density, high view time per page, low
average connected distance, low number of cycles, high
rate of home page visiting, and high frequency of back
button use. This appears to be a parsimonious naviga-
tion style. The navigation path was not very elaborated,
most of the navigation taking place around the home-
page. Time was spent in processing content instead of
figuring out the hyperstructure that showed where the
relevant information was. A high score on the flimsy
navigation style was associated with low Internet
expertise (r=�0.5), low active mood (r=0.48), low
working memory (r=�0.38), external locus of control
(r=�0.37), and high perceived disorientation (r=0.46).

Component 2. Content focus This component grouped
together all the view-time metrics, which basically
indicated that there was a general consistency in users’
view-time allocation. In other words, users were con-

sistently ‘slow’ or ‘fast’. High values on this component
indicate high view time on a rather small set of pages.
Within this style, navigation was a means for reading.
Users’ goal was to find those pages that ought to be read
and then read them. This style was not associated with
any user characteristics or task outcomes.

Component 3. Laborious navigation High scores on this
component were associated with high number of links
followed per page, high revisitation rate, high number of
cycles, high returning rate, high use of back button, high
density, high number of pages visited, low average con-
nected distance (short returns). This style involved
intensive use of navigational infrastructure provided by
the site. Users seemed to employ a trial and error strat-
egy. They followed links just to see if they were useful or
not. They figured out quite fast when paths were not
leading towards their goal and came back. Revisits were
quite numerous but they were not redundant: once a page
was revisited, a different link was followed, it was just
another trial. This navigation style was associated with
high episodic memory (r=0.49), low spatial ability
(r=�0.40), and low interest in entertainment (r=�0.38).
This style indicates the type of revisitation that does not
relate to disorientation. The user needed to look around
for a while until s/he had a good representation of the site
structure, because s/he had a weak spatial ability. Her/his
memory though prevented her/him of making redundant
revisits. This component shows how people compensate
for the lack of spatial ability by effort and memory, and
do not necessarily decrease performance (no correlation
with task performance was found, although spatial
ability and task performance were positively correlated).
It also shows why revisitation is not always associated
with disorientation.

Component 4. Divergent navigation High scores on this
component were associated with low compactness, high
stratum, low homepage use, high connected distance
(long returns). This navigation style was rather explor-
ative. Users were not that eager to revisit pages but
rather to explore new directions. This navigation style
was only associated with a high propensity to trust
(r=0.43).

Reading Time Another second order-metric was con-
structed by trying to get meaningful combinations of
first-order metrics that would significantly correlate with
task outcomes. One such trial that proved to be suc-
cessful is the following:

Readtime ¼ 230:1þ 4:2 � viewlargþ 1:56 � viewref
� 3:73 � viewsmal� 4:77 � viewindx
þ 2:04 � devview: ð1Þ

It was obtained by running a stepwise regression anal-
ysis with task performance as dependent variable and all
the first-order metrics as independent variables. The
significant predictors selected by the stepwise procedure

Table 2 Predictions of task outcomes based on the hypothetic
factors

Task outcome R2 Predictors Beta

Performance 0.39 Spatial ability 0.496
Finance expertise 0.385

Satisfaction 0.67 Motivation 0.612
Usability 0.506
Interest business �0.319

Perceived disorientation 0.42 Usability �0.505
Working Memory �0.344

Frustration 0.22 Time constraints 0.471
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(viewlarg, viewref, viewsmal, viewindx, and devview) and
their corresponding b-weights together with the intercept
(230.1) were used to build the Equation (1) (see above).
A unique score was calculated as a linear combination of
the significant first-order metrics. It was labeled reading
time since it positively weighed view time on large and
reference pages presumed to be content pages (b=4.2
and b=1.56, respectively) and negatively weighed view
time on small and index pages (b=�3.73 and b=�4.77,
respectively). High reading time was significantly asso-
ciated with low flimsy navigation (r=�0.5), low diver-
gent navigation (r=�0.36), high Internet expertise
(r=0.35), high performance (r=0,43), and low disorien-
tation (r=�0.39). Reading time can be interpreted as an
efficient navigation style in which view time is higher on
large and reference pages (since they require reading)
and lower on small and index pages (since tey only re-
quire scanning).

Path adequacy This semantic metric was calculated
as a measure of semantic similarity between a navi-
gation path and a task description. A navigation path
was considered to be a concatenation of semantic
objects that the user has encountered in her/his way
toward a specific location. As semantic objects, one
can consider link anchors, page titles, page contents,
URLs, clickable icons, banners and images etc. Nav-
igation paths composed of page titles have been used
in the study.

For example, if the user visited the pages titled Should
I finance or pay cash for a vehicle? Calculators’, ‘How
much will my vehicle payments be? Calculators’,
’Glossary’, and ‘What vehicle can I afford? Calcula-
tors’, then his/her navigation path was represented as
a string of all words in these titles: <should, I,
finance, or, pay, cash, for, a, vehicle, calculators, how,
much, will, my, vehicle, payments, be, calculators,
glossary, what, vehicle, can, I, afford, calculators>.

Navigation paths were compared with task descrip-
tions. The following is an example of task description:

Suppose you want to buy a car in 2 years. You have
already saved $ 500. How much do you need to save on
a monthly basis in order to make a down payment of $
8000 for the car? Assume that the savings and tax rates
are as listed. What is the most expensive car you can
afford if you will be able to pay 40 monthly payments of
at most$150 after the down payment?

In order to measure the semantic similarity between
navigation paths and task descriptions the technique
called Latent semantic analysis [17] was used. High path
adequacy was significantly associated with low return
rate (r=�0.48), high spatial ability (r=0.36), high self-
efficacy (r=0.40), and high performance (r=0.47).

Table 3 shows that a considerable number of user
characteristics could be predicted with reasonable
accuracy based on navigation metrics. For example,

25% of the variance in Internet expertise was predicted
based on the flimsy navigation style. This result has a
direct implication for providing adaptive support in web
navigation. As Internet expertise is virtually impossible
to measure in real-time use of a web application, it can
be estimated based on user’s navigation path.

3.3 Predicting task outcomes based on navigation
metrics

Two of the task outcomes, performance and disorienta-
tion, were significantly predicted based on second-order
and semantic metrics (Table 4). These results showed
that second-order and semantic navigation metrics were
better predictors of task outcomes than first-order met-
rics. There were no significant predictions for satisfac-
tion and frustration.

3.4 Predicting task outcomes based on hypothetic
factors and navigation metrics

When both hypothetic factors and navigation metrics
(see Fig. 1) were entered in the regression analysis, the
selection of the most significant predictors generated
slightly different results but these results were consis-
tent with the previous ones (Table 5). For example,
number of cycles appeared among the significant pre-
dictors of disorientation instead of flimsy navigation.
But cycles was highly correlated with flimsy navigation,
actually it was one of its most important components.
Two first-order metrics appeared as significant predic-
tors of satisfaction, which can be interpreted as fol-
lows: the amount of variance in satisfaction left
unexplained by motivation, usability and interest for
business could be explained by view time per large pa-
ges and view time per small pages. Note that the beta
coefficients had opposite signs: users were more satis-
fied when they spent relatively long time on large pages
and relatively short time on small pages than vice
versa. In other words, spending relatively long time on
large pages (presumed to be content pages) determined
that part of satisfaction in task completion that was
not determined by motivation, interest for business and
sites usability.

Another effect of considering factors and metrics to-
gether as predictors of task outcomes was a considerable
increase in predictive power: R2 was higher than 0.50 for
all criteria except frustration (the average increase of R2

is 0.133). This result showed that user characteristics,
interface and context factors, on one hand, and navi-
gation metrics, on the other hand, were rather comple-
mentary in predicting task outcomes. In other words,
navigation metrics could not completely explain task
outcomes by themselves, but they were able to indicate
facets of task outcomes that were not explained by the
hypothesized factors.
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4 Conclusion, discussion and further research

4.1 Summary of results

This paper has shown that user characteristics such as
domain expertise, spatial ability, working memory,
motivation, and interest are important determinants of
task outcomes. Interface and context factors such as
sites’ usability and time constraints have also an influence
on some of the task outcomes.

However, user characteristics as determinants of
task outcomes can only be measured in experimental
settings. The paper has also shown that some of the
user characteristics such as Internet expertise,spatial
ability, working memory, episodic memory, trust pro-
pensity, and interests can be estimated with a reason-
able level of accuracy based on web logging data that
can unobtrusively be collected in a real-world navi-
gation session.

The predictions of task outcomes based on user char-
acteristics, interface and context factors appeared to be
more accurate than those based on navigation metrics.
This difference suggests that there is still enough work to
be done in searching for accurate and relevant indicators
of navigation behavior. However, both categories of
predictors are important, one from a more theoretical
perspective and the other from an applied one.

A considerable number of factors proved to be less
relevant than expected or reported in literature. For
example, the demographic factors gender and age did not
correlate with any of the task outcome or navigation
metrics. The affective and conative factors were not as
important as the cognitive factors.

4.2 Discussion and implications

Studying a large number of factors in relation to a
comprehensive range of outcomes of web navigation

Table 3 Predictions of user
characteristics based on
navigation metrics

Characteristic R2 Predictors Beta

Internet expertise 0.25 Flimsy navigation �0.50
Spatial ability 0.195 Revisits �0.442
Episodic memory 0.245 Laborious navigation 0.495
Working memory 0.28 Flimsy navigation �0.83

Median view time 0.58
Locus of control 0.398 Flimsy navigation �0.704

View reference 0.874
Deviation view �0.553

Active mood 0.258 Path density �0.508
Trust propensity 0.233 Average connected distance 0.483
Interest entertainment 0.147 Revisits �0.383
Interest business 0.254 Compactness 1.500

Divergent navigation 1.189

Table 4 Predictions of task
outcomes based on navigation
metrics

Task outcome R2 Predictors Beta

Performance 0.299 Path adequacy 0.385
Reading time 0.298

Perceived disorientation 0.213 Flimsy navigation 0.462

Table 5 Predictions of task
outcomes based on hypothetic
factors and navigation metrics

Task outcome R2 Predictors Beta

Performance 0.515 Spatial ability 0.399
Finance expertise 0.340
Path adequacy 0.216
Reading time 0.318

Satisfaction 0.793 Motivation 0.754
Usability 0.619
Interest business �0.277
View large 0.491
View small �0.302

Perceived Disorientation 0.57 Usability �0.496
Cycles �0.388
Working Memory �0.305
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tasks in a particular domain (Web-assisted Personal
Finance) was useful in several respects. A limited num-
ber of significant predictors was identified, and their
relative contribution to the accuracy of predictions was
estimated. Since factors were studied together and the
stepwise method of regression analysis was employed, it
was possible to rule out factors that were only margin-
ally significant or confounded with one another. This is
an important contribution of the research reported in
this paper in comparison with other work of this type.
Most of the studies addressing individual differences in
web navigation (including those referred in this paper)
are restricted to a limited number of user characteristics,
and for this reason they can easily overlook other (more
important) characteristics. For example, the influence of
working memory on hypertext navigation as reported by
Tucker and Warr [50] might not have appeared as sig-
nificant if spatial ability was included as a predictor in
their model.

The proposed approach to calculating different types
of metrics based on navigation data was proved to be
profitable. Different types of knowledge about the user
can be inferred based on the kind of information that is
extracted from this data: syntactic (structural) informa-
tion indicated mainly users’ navigation styles, for
example, if they rather revisit pages than viewing new
pages, if they return using the back button or just by
following links, etc. (first- and second-order metrics);
and semantic information indicated if users were effec-
tive in pursuing their goals (path adequacy) independent
of their navigation styles.

Obviously, there are no strong grounds for a large
generalization of the obtained results. They apply to
situations where goal-directed and performance-oriented
tasks are performed. Moreover, the results are valid in
the Desktop paradigm. Under a Mobile paradigm with
different site structures and navigation support avail-
able, Flimsy navigation style, for instance, might not
necessarily be associated with disorientation. The navi-
gation sessions were restricted to 40 min, which might
have prevented some of the users to form an adequate
mental model of the web sites used. The number of
subjects (30) was rather limited and relatively homoge-
nous, as they were students. This might have had an
impact especially on factor analysis results. The Web-
assisted Personal Finance domain might appear as lim-
ited although it is frequently mentioned in user surveys
[22] and in visible expansion especially for the investi-
gated user population (e.g., e-banking). Restriction of
the study to one particular domain was an essential
methodological requirement. Crossing multiple domains
might have canceled out some of the observed correla-
tions, and in particular the correlation between domain
knowledge and task performance. Despite these limita-
tions, there are enough confirmations of previous
research [5, 7, 11, 44, 46, 47] to support the reliability of
the results.

The results of this study have important practical
implications. A web application can be designed in such

a way that it takes into consideration (or compensates
for) those factors that proved to be significant in pre-
dicting task outcomes. For example, since spatial ability
is one of the determinants of task performance, some
interface features (e.g., maps) should be designed to
compensate for low spatial ability. The indicators of
navigation behavior that are automatically calculated
during a navigation session and are able to predict rel-
evant user characteristics and also task outcomes can be
used to model the user in real time and personalize the
application. For example, the application can be pro-
grammed to provide additional navigation aid when
users are diagnosed ‘at risk of disorientation’ and to hide
useless hints when users are assessed as ‘doing well’.

4.3 Further research

From a theoretical perspective, it appears that spatial-
semantic cognitive mechanisms are crucial in adequately
performing web navigation tasks. This study has only
identified some individual differences that are consis-
tently associated with specific task outcomes. Further
research is planned to investigate and to model cognitive
mechanisms that are responsible for these individual
differences and for their influence on task outcomes.
Presently, the existing cognitive models of web naviga-
tion [12, 16] ignore almost completely the spatial
dimension, and treat solely the semantic dimension of
web navigation (information scent).

Only syntactic and semantic metrics were used in this
study; extracting from navigation data pragmatic
information indicative of users needs, interests, goals
and tasks is also considered.
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