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Scanpath Trend Analysis on Web Pages: Clustering Eye Tracking
Scanpaths

SUKRU ERASLAN, University of Manchester and Middle East Technical University Northern Cyprus
Campus
YELIZ YESILADA, Middle East Technical University Northern Cyprus Campus
SIMON HARPER, University of Manchester

Eye tracking studies have widely been used in improving the design and usability of web pages, and in
the research of understanding how users navigate them. However, there is limited research in clustering
users’ eye movement sequences (i.e., scanpaths) on web pages to identify a general direction they follow.
Existing research tends to be reductionist which means the resulting path is so short that is not useful.
Moreover, there is little work on correlating users’ scanpaths with visual elements of web pages and the
underlying source code which means the result cannot be used for further processing. In order to address
these limitations, we introduce a new concept in clustering scanpaths called Scanpath Trend Analysis (STA)
which does not only consider the visual elements visited by all users, but also considers the visual elements
visited by the majority in any order. We present an algorithm which automatically does this trend analysis
to identify a trending scanpath of multiple web users in terms of visual elements of a web page. In contrast
to existing research, the STA algorithm first analyses mostly visited visual elements in given scanpaths,
then clusters the scanpaths by using these visual elements based on their overall positions in the individual
scanpaths, and then constructs a trending scanpath in terms of these visual elements. This algorithm was
experimentally evaluated by an eye tracking study on six web pages for two different kinds of tasks, and
therefore 12 cases in total. Our experimental results show that the STA algorithm generates a trending
scanpath that addresses the reductionist problem of existing work by preventing the loss of commonly visited
visual elements for all the cases. Based on the statistical tests, the STA algorithm also generates a trending
scanpath which is significantly more similar to the inputted scanpaths compared to other existing work in
10 out of 12 cases. In the rest of the cases, the STA algorithm still performs significantly better than some of
other existing work. This algorithm contributes to behaviour analysis research on the web which can be used
for different purposes, for example re-engineering web pages guided by the trending scanpath to improve
users’ experience or guiding designers to improve their design.

CCS Concepts: •Human-centered computing → Human computer interaction (HCI); User models;
User studies; Usability testing; Laboratory experiments; •Information systems→World Wide Web; Web
interfaces;

General Terms: Design, Algorithms
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1. INTRODUCTION
Eye tracking studies have commonly been used in improving the design of web pages
and evaluating their usability. These studies have also been used in the research of
understanding how users interact with web pages [Albanesi et al. 2011; Yesilada et al.
2008]. While users are reading web pages, their eyes make fixations where the eyes
become relatively stable. Between fixations, their eyes make quick movements called
saccades and the sequences of fixations and saccades define their scanpaths on web
pages. Figure 1 shows an example of a web page which is segmented into its visual
elements [Akpınar and Yeşilada 2013] and an example of a scanpath (a sequence of
saccade-fixation-saccade) on the web page. The user fixations are represented by cir-
cles where the larger circles illustrate the longer fixations and the numbers show the
sequence. In addition, the saccades are represented by lines.

Fig. 1: A scanpath example
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Eye tracking data, particularly scanpaths, can provide us a deep understanding of
how people use and interact with web pages. However, in order to be able to process
web pages by using scanpath data, we need to bring multiple scanpaths together to
identify a general direction followed by users in terms of visual elements of a web page.
Otherwise, we only have individual scanpaths which are specific to individual users,
and therefore any processing done with those scanpaths will be specific to individuals
and will not be representative of multiple users. In the literature, some algorithms ex-
ist to address this problem. When we investigate these algorithms, we recognise that
they tend to be reductionist1 which means the generated scanpath is likely to be un-
acceptably short for further processing. In this context, we classify an algorithm as re-
ductionist if it is likely to lose a shared visual element due to its position in individual
scanpaths or it is not tolerant of small deviations in individual scanpaths (especially,
directly eliminating the visual element which is visited by most of users) [Eraslan et al.
2016a]. Moreover, these algorithms typically provide a scanpath which is not similar
to the inputted scanpaths. Finally, there is little work on correlating users’ scanpaths
with visual elements of web pages and the underlying source code which is crucial for
being able to process pages based on these scanpaths (See Section 3). To address these
limitations, we introduce a new concept in clustering scanpaths called Scanpath Trend
Analysis (STA) which does not only consider the visual elements visited by all users,
but also considers the visual elements visited by the majority in any order. This analy-
sis provides a trending scanpath2 of multiple users in terms of visual elements of a web
page. The trending scanpath term here is referred to as the most commonly followed
scanpath which is developed by multiple users [Eraslan et al. 2016b]. The STA also
differs from other existing clustering approaches in the context of sequential data clus-
tering, such as discovering interesting places by analysing multiple sequences [Palma
et al. 2008], identifying elementary parts within a single sequence [Leiva and Vidal
2013], discovering common sub-sequences by analysing multiple sequences [Lee et al.
2007; Anagnostopoulos et al. 2006]. In this paper, we present an algorithm which au-
tomatically conducts this trend analysis to identify a trending scanpath. The trending
scanpath preserves the overall positions of the visual elements in the users’ scanpaths,
thus it deals with the sequentiality of the data.

In STA, we first segment a web page into its visual elements and label them with
alphanumeric characters. There are many approaches for segmenting web pages into
a set of coherent blocks of visual elements. Any of these existing approaches can be
plugged into our algorithm but in this paper we use the improved and extended ver-
sion of the Vision Based Page Segmentation (VIPS) algorithm. The VIPS algorithm
automatically discovers visual elements of web pages and relates them to the underly-
ing source code (See Section 3).

Once the visual elements are discovered, the STA algorithm relates eye tracking
data with these visual elements to prepare individual scanpaths in terms of the visual
elements. These individual scanpaths are then clustered to construct a trending scan-
path. For clustering, the STA algorithm first identifies mostly visited visual elements
in the individual scanpaths as trending visual elements by using their occurrence fre-

1Cambridge Dictionary defines Reductionism as “the practice of considering or presenting something compli-
cated in a simple way, especially a way that is too simple” (http://dictionary.cambridge.org/dictionary/english/
reductionism/). Similar to this definition, we refer to the reductionism term as the practice of an algorithm
which oversimplifies complicated scanpaths.
2Cambridge Dictionary defines Trend as “a general development or change in a situation or in the way that
people are behaving” (http://dictionary.cambridge.org/dictionary/english/trend/). In this context, the most
commonly followed scanpath is developed by multiple users and it is referred to as a trending scanpath.
Even though it does not capture any change over time, it still shows the popularity among the users at a
particular time.
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quencies and durations. These visual elements are then located in the trending scan-
path based on their overall positions in the individual scanpaths (See Section 4).

In order to investigate the validity of the STA algorithm, we conducted an eye track-
ing study with 40 participants at two different universities in two different countries.
In this eye tracking study, we asked users to perform both browsing and searching
tasks (See Section 5). With this eye tracking study, we investigated mainly three hy-
potheses on six web pages for two different kinds of tasks (browsing and searching),
and therefore 12 cases in total (See Section 6).

With the searching tasks, it was very clear that certain visual elements had to be
visited in a particular order to complete the task. Therefore, our first hypothesis inves-
tigated whether or not the STA algorithm provides a trending scanpath that includes
the visited visual elements in the expected order. Our results show that on all the
web pages used in the study, all the trending scanpaths identified by the STA algo-
rithm include the visited visual elements in the expected order for all of the cases (See
Section 6.1).

In our previous work, we showed that most of existing algorithms do not include the
visual elements that are visited by all participants in a different order (See Section 3).
However, when a particular visual element is visited by all participants, it means that
the visual element has important potential for processing [Poole and Ball 2005] so
that it should not be ignored just because of its positions in the individual scanpaths.
Therefore, our second hypothesis investigated whether the STA algorithm includes all
of the visited visual elements by all participants in the resulting trending scanpath
or not. Our results show that for all the pages used in the study, the STA algorithm
identifies a trending scanpath that includes all the visual elements visited by all the
participants for all of the cases (See Section 6.2).

The trending scanpath is also expected to be as similar as possible to the given scan-
paths. Therefore, the last hypothesis investigated whether the STA algorithm identi-
fies a trending scanpath which is the most similar to the given scanpaths compared
to other existing algorithms in the literature. Our statistical tests show that when we
compare the STA algorithm to others, the generated trending scanpath is significantly
more similar to the individual scanpaths in 10 out of 12 cases (p < .0001). In the rest
of the cases, the STA algorithm still performs significantly better than some of other
existing algorithms (See Section 6.3).

Finally, even though this eye tracking study shows the validity of the STA algorithm
via these hypotheses, it also highlights a number of areas where further studies can
be conducted. For example, in this study we had 40 individual scanpaths to identify
a trending scanpath, but we do not know if a smaller set of scanpaths could also be
used to identify the same trending scanpath. Similarly, in our studies we have used
the VIPS algorithm to automatically generate the visual elements, however we do not
know what would be the effect of using other segmentation techniques on the STA
algorithm. We are planning to conduct further studies to investigate these areas (See
Section 7).

2. CONTRIBUTIONS
This study contributes to Eye Tracking research on the web, Human Centred Web and
Web Science fields. Moreover, it makes a contribution to the field of Web Accessibility
by helping to improve the web experience of users in constrained environments such
as small screen device users and visually disabled users. When users access the web
by using their small screen devices, they are likely to spend more time and effort to
complete their tasks [Ahmadi and Kong 2012]. In addition, visually disabled users
typically access the web with their screen readers that follow the source code of web
pages. Hence, they have to listen to unnecessary things to reach their targets [Ahmed
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et al. 2012]. As trending scanpaths are representative of individual scanpaths, they can
be used to re-engineer web pages based on not only the content but also understanding
of users’ experiences, called “Experiential Transcoding”, to make them more accessible
for users in such constrained environments [Akpınar and Yeşilada 2015; Yesilada et al.
2013; Brown et al. 2010]. In particular, the visual elements that are not included in the
trending scanpath can be removed and a link can be provided to access those visual
elements, and/or the visual elements can be re-ordered based on the trending scanpath.
For example, if the element J is not fixated by users on the Apple page, it can be
removed from the web page by providing a link to access the element. As the size
of the web page decreases, the page can be retrieved in a shorter time. This can be
useful for small screen device users as these devices typically have limited capacity.
Visually disabled users can also benefit from this approach as they do not need to
listen the content of the element. Furthermore, if the element F is firstly fixated by
users on the Apple page, it can be presented before other elements. This allows small
screen device users to directly access the element without a lot of scrolling/zooming.
By using this approach, visually disabled users can also directly access the element
without listening unnecessary things. The STA algorithm can also be beneficial for
web designers for understanding how users interact with web pages. For example, it
can be used for usability studies to test whether or not the expected path is followed
by users for a particular goal [Albanesi et al. 2011].

3. RELATED WORK
A number of algorithms and visualisation techniques have been introduced to analyse
eye tracking scanpaths for different purposes. The visualisation techniques are typi-
cally designed for analysing scanpaths in an exploratory and qualitative way [Räihä
et al. 2005; Blascheck et al. 2014] whereas the algorithms are mainly designed for
comparing a pair of scanpaths quantitatively, computing transition probabilities be-
tween web page elements, detecting patterns within scanpaths and identifying a gen-
eral scanpath for multiple scanpaths [Eraslan et al. 2016a; Holmqvist et al. 2011].
Although some of these algorithms analyse these scanpaths as geometric figures [Jaro-
dzka et al. 2010; Mathôt et al. 2012; Le Meur and Baccino 2013], most of them analyse
scanpaths which are represented as a sequence of Areas of Interest (AoIs) [Sutcliffe
and Namoun 2012; Le Meur and Baccino 2013; Eraslan et al. 2014]. For example, if a
user visits the Apple web page, shown in Figure 1, and fixates the AoI F, then the AoI
C, then the AoI E and then the AoI B, the user’s scanpath is represented as FCEB.

There are different approaches to generate these AoIs, ranges from using a grid
layout directly to analysing fixation distribution over web pages [Privitera and Stark
2000; Santella and DeCarlo 2004; Sutcliffe and Namoun 2012]. However, these ap-
proaches typically do not correlate these AoIs with the underlying source code of web
pages, and therefore scanpaths cannot be used for further processing of web pages.
In order to address this, we use the improved and extended version of the VIPS algo-
rithm which automatically segments web pages into their rectangular visual elements
(i.e., AoIs) and relates these visual elements to the underlying source code [Akpınar
and Yeşilada 2013]. It creates a tree of visual elements as the result of segmentation
process. This tree structure is not the same as a DOM tree, but depends on it. There
are more and smaller visual elements in the deeper or higher granularity levels of the
tree. Each visual element corresponds to a DOM element and we assign the XPath of
the corresponding element. In some cases, this segmentation may combine some inline
visual elements into a single block. In such cases, a composite block is created and each
inline visual element is pointed to the new composite block. For example, the visual
unit <a><img><br><a><img> can be a direct child of a <div>. In this case, the
first <a> and <img> nodes before the <br> node construct a composite block, which
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does not have a valid XPath on the page. Therefore, the XPaths of two inline visual
elements are mapped to the new composite block. In order to identify which granular-
ity level is mostly preferred by users, a user study was also conducted by Akpınar and
Yeşilada [2013]. Based on the ratings given by the users, the fifth granularity level
is mostly preferred by users (approximately 74% user satisfaction). Therefore, we use
this level to segment web pages.

The Levenshtein Distance (String-Edit) algorithm has been widely used to com-
pare two scanpaths which are represented in terms of AoIs [Privitera and Stark 2000;
Josephson and Holmes 2002; Pan et al. 2004; Heminghous and Duchowski 2006; Un-
derwood et al. 2008; Duchowski et al. 2010]. This algorithm calculates a distance (i.e.,
dissimilarity) between two scanpaths by transforming one scanpath to another one by
using the minimum number of operations which are insertion, deletion and substi-
tution [Josephson and Holmes 2002]. For example, the distance between FCEB and
GCEB is calculated as one because it is sufficient to substitute F with G or vice versa.
In particular, Heminghous and Duchowski [2006] developed an application called
iComp which firstly segments an image into its AoIs by using the fixation distribu-
tion over the image as suggested by Santella and DeCarlo [2004]. Once user scanpaths
are correlated with the AoIs, it then applies the String-edit algorithm to calculate the
distances between the scanpaths. However, the substitution costs between all pairs of
AoIs may not be the same because the sizes of AoIs and the distances between AoIs
may be different [Josephson and Holmes 2002]. To take this into consideration, it has
been suggested to use a substitution matrix which stores substitution costs between
all pairs of AoIs [Josephson and Holmes 2002; Takeuchi and Habuchi 2007]. Differ-
ent ways can be used to generate a substitution matrix. Particularly, Takeuchi and
Habuchi [2007] suggest to use the Euclidean distances between AoIs to create a sub-
stitution matrix. Equation 1 below illustrates how a substitution cost between two
AoIs u and v is calculated based on the Euclidean distance where u1 and u2 are x
and y coordinates of the centre of the AoI u and α is a type of normalisation parame-
ter [Takeuchi and Habuchi 2007]. Once the substitution matrix is constructed, it can
used with the String-edit algorithm to calculate a distance between two scanpaths.

f(~u,~v) = α

2∑
i=1

√
(ui − vi)2 (1)

As mathematically formalised in Equation 2 below, a similarity between two scan-
paths can be calculated as a percentage (S) based on their String-edit distance [Under-
wood et al. 2008]. The distance (d) is firstly divided by the length of the longer scan-
path (n) to have a normalised score. The normalised score allows preventing possible
inconsistencies which can be caused by different lengths. Finally, the normalised score
was subtracted from one and then multiplied by 100. Even though the String-edit algo-
rithm can be used for the comparison purpose, the algorithm by itself cannot discover a
trending scanpath for multiple scanpaths. Instead of calculating the dissimilarity first
between two scanpaths, the Needleman and Wunsch algorithm has also been used to
calculate a similarity score between two scanpaths based on a substitution matrix and
gap penalty [Needleman and Wunsch 1970; Cristino et al. 2010].

S = 100 · (1 − d

n
) (2)

To consider transition probabilities between AoIs based on multiple scanpaths,
Markov models can be used [West et al. 2006; Chuk et al. 2014; Kang and Landry
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2015]. With these models, a matrix can be created to store transition probabilities
between AoIs so that it allows to identify which AoIs can be next (or previous) of a
particular AoI with their probabilities. However, if these models are considered to dis-
cover a trending scanpath, some considerable questions will arise, especially what the
start and the end point are, and which probabilities should be considered to construct
a trending scanpath [Eraslan et al. 2014]. As also stated in the literature, these mod-
els are not able to tell whether or not there is a typical scanpath for multiple scan-
paths [Abbott and Hrycak 1990; Josephson 2010].

Some other algorithms can be considered to address the limitations of Markov mod-
els. In particular, the Shortest Common Supersequence (SCS) algorithm have been
mentioned in the literature which can be used to discover a general scanpath for mul-
tiple scanpaths [Räihä 2010]. However, this algorithm has important weaknesses. For
example, when the individual scanpaths AWC, AXC, AYC and AZC are available, this
algorithm discovers AWXYZC as a general scanpath. As can be clearly seen from this
example, this scanpath is quite long compared to the individual scanpaths. Besides, it
is not supported by the majority of the individual scanpaths, for instance, it includes
the AoI W but this AoI is included in only one of the individual scanpaths (AWC).

In order to detect patterns in multiple scanpaths, some algorithms have been pro-
posed such as the pattern discovery algorithm of the eyePatterns tool [West et al.
2006], the SPAM algorithm [Ayres et al. 2002; Hejmady and Narayanan 2012] and the
T-Pattern (Temporal-Pattern) Detection algorithm [Magnusson 2000; Burmester and
Mast 2010; Mast and Burmester 2011]. The algorithm used in the eyePatterns tool is
designed to search for exact patterns with minimum 3 elements in individual scan-
paths and list them with how many times they are seen in the individual scanpaths
and how many individual scanpaths include these patterns. However, this algorithm
does not have tolerance to any extra items in scanpaths. For example, although the
pattern DEF is included in both of the individual scanpaths CDEF and ADBEF, it
cannot be detected because of the extra AoI B. Because of this reason, this algorithm
is reductionist which means that the resulting path is likely to be so short that is not
useful for further processing of web pages. The SPAM algorithm, which stands for Se-
quential Pattern Mining, has also been used to detect patterns in multiple scanpaths.
It was originally developed for identifying frequent sequential patterns in a sequence
database. This algorithm is similar to the algorithm used in the eyePatterns tool in
terms of its objective but it has tolerance to extra items in scanpaths. However, it is
still reductionist because the order of AoIs in individual scanpaths affects the pattern
recognition. In particular, when the individual scanpaths ABCDE, ABDE and ACBED
exist, this algorithm detects the patterns ABD and ABE as the longest patterns, even
though the AoIs A, B, D and E are included in all of the individual scanpaths. Further-
more, the T-Pattern Detection algorithm, which is a commercial product3, has been ap-
plied to detect patterns within individual scanpaths. According to Mast and Burmester
[2011], the algorithm requires a series of events as an input. The behaviour type (such
as, fixating the AoI E) is considered as an event type, and the behaviour occurrence
(such as, fixating the AoI E at 00:05:03) is considered as an event. Two event types
become a T-Pattern when they occur more than once in the behaviour sequence in
the same order and their occurrences are constantly distributed over time. There are
other parameters which control how two event types should be distributed to become
a T-Pattern and how detected T-Patterns should be combined with other T-Patterns or
event types to provide longer T-Patterns. Since this algorithm has a number of different
parameters, the results can be changed based on the adjustments of these parameters.

3http://www.noldus.com/theme/t-pattern-analysis
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Sutcliffe and Namoun [2012] also focussed on investigating where users concentrate
in very early phases of their searches by using a position-based weighted model and a
3x3 grid layout for web page segmentation. In their model, the corresponding AoIs of
the first three fixations of users are identified which can be the same AoI. The constant
values are then given to these AoIs based on their positions where the first one gets
one, the second one gets 0.5 and the third one gets 0.2. Following this, a total value is
calculated for each AoI and then the AoIs are sorted by these total values. However,
this study did not aim to discover trending scanpaths of users on web pages. Holsanova
et al. [2006] used a similar approach to analyse reading paths and reading priorities
on newspaper spreads. They defined 10 AoIs on a newspaper spread and then ranked
them according to the first visits of the AoIs by five users. However, it is obvious that
the same AoI can be visited more than once by a user. Moreover, their approach does
not eliminate any AoIs even though they do not get attention from users [Holmqvist
et al. 2011]. Because of these reasons, their approach is also not suitable for identifying
a trending scanpath.

As discussed above, a number of algorithms has been suggested to detect patterns
in eye tracking scanpaths. However, these algorithms can detect more than one pat-
tern for multiple scanpaths. This brings up a number of important problems, such as
how multiple patterns can be used for re-engineering web pages, why there are multi-
ple patterns, which factors reveal these multiple patterns. Although web pages can be
differently re-engineered for different users, some additional information about users
may be needed at the time of access to decide how to re-engineer the web pages. For ex-
ample, if male and female users have different scan patterns on a particular page, their
gender should be identified to decide which pattern should be used for re-engineering
the page. However, it may not always be possible to access these information due to
privacy reasons. Discovering the representative scanpath for all the group would coun-
teract these problems. There are also several algorithms which can be used to discover
only one scanpath for multiple users. The Multiple Sequence Alignment algorithm
was one of these algorithms but it was not validated with any study [Hembrooke et al.
2006]. In addition, the Dotplots algorithm was also suggested for hierarchical cluster-
ing which can be used to discover one scanpath for multiple scanpaths [Goldberg and
Helfman 2010]. In order to create a hierarchical structure, the most similar scanpaths
are chosen from the scanpath list by using the Dotplots algorithm, then the merged
scanpath of these scanpaths is introduced to the scanpath list and these two scan-
paths are removed. This process is repeated until a single scanpath is left which can
represent the general scanpath followed by all the users. They propose two ways to
create a merged scanpath: (1) the merged scanpath can be created by merging two
similar scanpaths by using the Dotplots algorithm (2) the merged scanpath can be
assigned to one of the two similar scanpaths. Since the second approach is actually
related to selecting one of the scanpaths from the existing scanpaths, it is not suitable
for discovering the trending scanpath. Assume that there are 1000 users. In this case,
it is not a good idea to select one of them to represent all of them as they typically do
not follow exactly the same path. The Dotplots-based algorithm was used by Albanesi
et al. [2011] and they called the resulting path a dominant path.

Before we developed our STA algorithm, we developed a preliminary algorithm
called eMINE scanpath algorithm [Eraslan and Yesilada 2015; Eraslan et al. 2014;
Yesilada et al. 2013]. This algorithm also uses hierarchical clustering. It selects the
two most similar scanpaths by using the String-edit algorithm from the scanpath list
and then finds their longest common subsequence (LCS). Next, it removes these two
scanpaths and then introduces their longest common subsequence to the list. This pro-
cess is repeated until a single scanpath is left which represents the general scanpath
followed by all the users.
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Because of hierarchical clustering, these algorithms are also likely to be reductionist
[Chiang 2009]. Assume that the individual scanpaths S1:GATACCAT, S2:CTAAAG
and S3:GCTATTGCG are available. S1 and S2 can be clustered first and then S1’:- A -
A - - A - can be created. After that, S1’ and S3 can be clustered and then S2’:- - - A - - -
- - can be created. As can be easily recognised from this example, although the AoIs G,
C and T are also shared by all the individual scanpaths, they are not included in the
resulting path (S2’).

Our objective is to discover a trending scanpath for multiple users on a web page.
However, as we discuss above, there is limited research in this field and existing re-
search tends to be reductionist which means that the resulting path is likely to be so
short, and therefore it not useful for further processing of web pages [Eraslan et al.
2016a]. Specifically, if the resulting path is used to re-engineer a web page, the com-
monly visited visual elements may be removed from the page because of their positions
and/or small deviations in the individual scanpaths. Even though we had developed a
preliminary algorithm to address the problem of being reductionist, there was still
room for the improvement. These existing algorithms also tend to ignore other aspects
of eye tracking data, especially fixation durations. For example, the algorithm used in
the eyePatterns tool, the Dotplots-based algorithm and our preliminary algorithm do
not take the duration aspect into consideration. However, it is widely accepted that
fixation duration is associated with the depth of processing and the ease or difficulty
of information processing [Velichkovsky et al. 2002; Follet et al. 2011], and therefore
it should be considered. In order to address these limitations, we present our STA al-
gorithm which discovers a trending scanpath of multiple web users in terms of visual
elements of a web page.

4. SCANPATH TREND ANALYSIS
In order to analyse individual scanpaths and reveal their trending scanpaths on web
pages, we iteratively developed the concept called Scanpath Trend Analysis (STA).
This section presents our STA algorithm which automatically carries out this trend
analysis. This algorithm has a multi-pass approach. As it is summarised in Pseu-
docode 1, it has three main stages. The first stage is the preliminary stage where
data is prepared for processing and then the following two stages are the main stages
of identifying trending visual elements in multiple scanpaths and clustering the scan-
paths into a trending scanpath based on the trending visual elements. Each of these
stages are explained in detail in the following sections.

Pseudocode 1: Scanpath Trend Analysis (STA)
Input: Eye Tracking Data, Visual Elements
Output: Trending Scanpath
Preliminary Stage: Prepare individual scanpaths in terms of visual elements of a particular
web page (Section 4.1)
First Pass: Identify trending visual elements in the individual scanpaths (Section 4.2)
Second Pass: Construct a trending scanpath by using the trending visual elements based on
their overall positions in the individual scanpaths (Section 4.3)
return The trending scanpath

4.1. Preliminary Stage: Individual Scanpaths
In order to prepare individual scanpaths in terms of visual elements of web pages, we
first segment web pages into their visual elements and label them with alphanumeric
characters. After this, we export eye tracking data from eye tracking software. The eye
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tracking data is then related to these visual elements to create individual scanpaths
in terms of the visual elements of the web pages.

Although eye trackers typically record eye movements with high accuracy, they may
still have inaccuracy in storing the locations of fixations which they refer to as the
degree of accuracy [Tobii Technology AB 2011a]. This can potentially cause problems
in identifying a trending scanpath. For instance, some fixations may be located outside
of visual elements even though they should have been located in a particular visual
element. Figure 2 illustrates an example of a fixation which should have been located
on the menu item iPad.

Fig. 2: An example of a fixation which should have been located on the menu item iPad

In order to ensure that the STA algorithm takes this into account, by using the
degree of accuracy provided by eye trackers, we developed an approach to extend the
borders of the visual elements. This algorithm uses the formula shown in Equation 3 to
calculate an error offset in pixels (E) by using the degree of accuracy (x), the distance
between the participant and the screen (D) and the pixels per inch for the screen (P ).
This offset is then used to extend the visual elements horizontally and vertically.

E = tan (x) ·D · P (3)

Once the visual elements are extended, the STA algorithm identifies where the fix-
ations are located. When a fixation is located in more than one visual element because
of the intersection of the extended visual elements, the fixation is considered to be lo-
cated in its closest visual element. In order to find the closest visual element, the STA
algorithm calculates the distances between the fixation and all the points included in
the visual elements. Table I illustrates where the fixations of some users are located
on the Apple web page (See Figure 1) with their durations. These are from our eye
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Table I: Individual scanpaths of some users on the Apple web page. The numbers in
brackets are fixation durations, in milliseconds (ms). As an entire example, the indi-
vidual scanpath with an ID 5 is fully illustrated.

ID Individual Scanpaths
1 C [179] B [239] F [399] F [319] F [399] F [1455] F [319] F [618] E [518] ...
2 C [538] F [319] F [279] E [259] F [180] F [279] I [199] F [279] F [239] ...
3 C [383] F [233] C [216] E [233] C [150] C [166] F [217] F [183] F [216] ...
4 F [250] C [300] C [250] E [466] C [250] C [316] C [200] H [350] H [183] ...
5 D [217] C [233] F [333] F [316] I [166] I [333] H [533] G [183] K [300] K [133]

K [416] K [516] K [283] C [233] D [183] E [150] D [450] E [216] E [300] E [466]
E [383] E [333] E [033] E [083] D [450] K [183] D [300] B [266] B [600]

6 F [233] C [250] C [183] E [233] E [233] H [200] H [416] E [233] D [500] ...
7 F [666] C [167] C [183] C [200] F [250] F [250] C [333] F [166] F [266] ...
8 F [183] F [316] C [266] H [183] G [183] E [250] E [167] H [166] I [316] ...
9 F [150] C [200] C [366] C [183] E [200] F [366] H [266] G [250] F [266] ...
. . . . . .

tracking study that we conducted to evaluate the validity of the STA algorithm (See
Section 5).

As an entire example, Table I fully shows the individual scanpath with an ID 5 in
terms of the visual elements of the Apple web page with the fixation durations. In this
example, the user first fixated the visual element D for 217 ms and then fixated the
visual element C for 233 ms. After that, the user moved to the visual element F for 333
ms, then fixated the same visual element for 316 ms, then continued to fixate other
elements, and finally fixated the visual element B twice for 266 ms and 600 ms.

Pseudocode 2 shows an overview of how the individual scanpaths are prepared in
terms of the visual elements. This stage has a time complexity of O(n6). It is the slowest
stage of the STA algorithm because of the fixations that are located in more than one
visual element. The detailed complexity analysis of this part is provided in our external
repository (See Open Data Section). Without these fixations, the time complexity of
this stage is O(n3), however, when the STA algorithm detects a fixation that is located
in more than one element, it first finds the related elements and then calculates the
distance between the fixation and all of the points of those elements. Although the
performance of the current implementation of the STA algorithm is not really efficient,
its implementation can be optimised in the future.

4.2. First Pass: Trending Visual Elements
Once the individual scanpaths are prepared, the STA algorithm uses a data-driven
approach in the first pass to analyse them to identify the trending visual elements by
using their occurrence frequencies (i.e., the number of fixations on a visual element)
and durations. It means that the algorithm analyses the individual scanpaths (i.e.,
data recorded by an eye tracker) to determine the threshold values for the occurrence
frequencies and durations to decide whether a visual element is trending or not. Hence,
the STA algorithm does not use pre-defined threshold values which could be biased in
some way. The trending visual elements will be used later to construct a trending
scanpath (See Section 4.3).

As can be seen from the individual scanpath with an ID 5 in Table I, visual elements
can be repeated in individual scanpaths which can be a consecutive repetition, such
as CFF, or a non-consecutive repetition, such as EDE. The consecutive repetition oc-
curs when a user fixates the same visual element more than one time in succession
whereas the non-consecutive repetition occurs when a user fixates a visual element
(E) and fixates another visual element (ED) and then goes back to the previous visual
element (EDE). We refer to each visit of a particular visual element as a visual ele-
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Pseudocode 2: An Overview of Preparation of Individual Scanpaths
Input: A series of fixations for each user, Extended visual elements
Output: Individual Scanpaths represented in terms of the visual elements and fixation

durations
foreach user do

foreach fixation do
foreach extended visual element do

Find the elements where the fixations are located
end
if the fixation is located in more than one extended visual element then

The closest element is added to the individual scanpath with the fixation duration
else if the fixation is located in one extended visual element then

The element is added to the individual scanpath with the fixation duration
end

end
end
return Individual Scanpaths represented in terms of the visual elements and fixation durations

ment instance. In the individual scanpath with an ID 5 in Table I, the visual element
K is visited two times (...KKKKK...K...). In the first time, the user fixated the visual
element K five times in succession, and in the second time, the user fixated only one
point in the visual element K and then moved on to another visual element. Hence,
there are two instances of the visual element K in the individual scanpath.

Since we are interested in sequential patterns, we need to differentiate these vi-
sual element instances. Hence, these instances are numbered by the STA algorithm
as shown in Example 4.1 (a numbered version of the individual scanpath with an ID
5 in Table I). In order to take information processing into consideration and make the
numbering consistent for all individual scanpaths, the numbering is applied based on
the durations of these instances as it is commonly accepted that fixation duration is
related to the depth of processing and the ease or difficulty of information process-
ing [Velichkovsky et al. 2002; Follet et al. 2011]. The longest instance of a particular
visual element is numbered with one and its next longest instance is numbered with
two and then continue for numbering its other instances. For example, the first in-
stance of the visual element K in the individual scanpath shown in Example 4.1 is
numbered with one because its duration (K1 = 300 + 133 + 416 + 516 + 283 = 1648 ms)
is longer than another instance of the visual element K (K2 = 183 ms).

EXAMPLE 4.1. An example of an individual scanpath in terms of the visual element
instances of the Apple web page with the fixation durations
D4[217ms] C2[233ms] F1[333ms] F1[316ms] I1[166ms] I1[333ms] H1[533ms] G1[183ms] K1[300ms]

K1[133ms] K1[416ms] K1[516ms] K1[283ms] C1[233ms] D5[183ms] E2[150ms] D2[450ms] E1[216ms]

E1[300ms] E1[466ms] E1[383ms] E1[333ms] E1[033ms] E1[083ms] D1[450ms] K2[183ms] D3[300ms]

B1[266ms] B1[600ms]

The STA algorithm then identifies the trending visual element instances for all the
individual scanpaths which will be used for the purpose of clustering to construct a
trending scanpath. When a particular visual element is fixated by all participants, it
means that the visual element has important potential for processing [Poole and Ball
2005]. Because of this reason, when a particular visual element instance is shared by
all the individual scanpaths, the STA algorithm considers the instance as a trending
visual element instance. The algorithm also considers the occurrence frequencies and
durations to identify trending visual element instances as these metrics are associated
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with the attention of participants [Poole and Ball 2005]. As illustrated in Pseudocode 3,
when a visual element instance is not shared by all participants but gets at least the
same attention as the shared instances, the algorithm also identifies the instance as
a trending visual element instance. In order to identify these trending instances, the
algorithm firstly finds the instances which are shared by all individual scanpaths and
then computes the minimum total occurrence frequency and the minimum total dura-
tion of the shared instances. When an instance has the same or higher total occurrence
frequency than the minimum total occurrence frequency and the same or longer total
duration than the minimum total duration, it is defined as a trending visual element
instance. Other instances are then removed from the individual scanpaths. Table II il-
lustrates the trending visual element instances of the individual scanpaths which are
shown in Table I.

Pseudocode 3: Identification of Trending Visual Element Instances
Input: An instance, Individual Scanpaths in Terms of Visual Element Instances
Output: The marked Instance
if the instance is shared by all individual scanpaths OR it gets at least the same attention as the
shared instances then

The instance is marked as a trending visual element instance
else

The instance is marked to be removed from the individual scanpaths
end
return The marked instance

Table II: Individual scanpaths with the trending visual element instances after the
first pass. The numbers in brackets are fixation durations, in milliseconds. As an entire
example, the individual scanpath with an ID 5 is fully illustrated.
ID Individual Scanpaths with the Trending Visual Element Instances
1 F1 [399] F1 [319] F1 [399] F1 [1455] F1 [319] F1 [618] E2 [518] E2 [498] G1 [180] ...
2 C1 [538] F1 [319] F1 [279] H1 [239] H1 [279] J1 [199] J1 [319] F2 [518] G1 [160] ...
3 F1 [217] F1 [183] F1 [216] F1 [200] F1 [183] C1 [167] C1 [150] C1 [183] I1 [516] ...
4 F2 [250] E3 [466] H1 [350] H1 [183] I1 [300] C1 [200] C1 [250] C1 [117] C1 [200] ...
5 F1 [333] F1 [316] I1 [166] I1 [333] H1 [533] G1 [183] C1 [233] E2 [150] D2 [450] E1

[216] E1 [300] E1 [466] E1 [383] E1 [333] E1 [033] E1 [083] D1 [450] B1 [266] B1 [600]
6 I1 [700] J1 [316] J1 [733] E2 [266] E2 [316] D2 [866] G1 [200] G1 [1749] E3 [283] ...
7 F2 [666] C1 [167] C1 [183] C1 [200] E3 [366] F1 [200] F1 [333] F1 [167] I1 [150] ...
8 F1 [183] F1 [316] B2 [216] B2 [133] B2 [483] B2 [233] F2 [217] F2 [100] I1 [150] ...
9 C1 [200] C1 [366] C1 [183] E3 [200] F2 [366] H1 [266] G1 [250] I1 [183] I1 [383] ...
. . . . . .

As an entire example, Table II shows the full representation of the individual scan-
path with an ID 5 where its previous version is shown in Example 4.1. Assume that
C2, D2, D3, D4, D5, K1 and K2 in the individual scanpath in Example 4.1 are not
defined as the trending visual element instances. In this case, they are removed from
the individual scanpath as shown in Table II.

The first pass of the STA algorithm has a time complexity of O(n3· log n).
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4.3. Second Pass: Trending Scanpath
In the second pass, a trending scanpath is constructed by clustering the individual
scanpaths with the trending visual element instances in the individual scanpaths iden-
tified in the first pass (See Section 4.2). These visual element instances are located in
the trending scanpath based on their overall positions in the individual scanpaths.

In this pass, the individual scanpaths are abstracted by combining the same visual
element instances. Example 4.2 shows the abstracted version of the individual scan-
path with an ID 5 in Table II. The total number of occurrences and the total duration
for each visual element instance are also stored.

EXAMPLE 4.2. An example of an abstracted individual scanpath in terms of the
trending visual element instances of the Apple web page
F1 I1 H1 G1 C1 E2 D2 E1 D1 B1

In order to find out the proper positions of the trending visual element instances in
the trending scanpath, the STA algorithm calculates a priority value (ψi: the priority of
the ith instance) for each visual element instance for each individual scanpath with the
formula shown in Equation 4 where Pi represents the position of the visual element
instance (starting from zero) and L illustrates the length of the individual scanpath.
We take the maximum value (maxi) as 1 and the minimum value (mini) as 0.1. This
priority value is a normalised value to prevent the possible effects of the different
lengths of the individual scanpaths. Table III shows the priority values (ψi) of the
visual element instances in the individual scanpath shown in Example 4.2.

ψi = 1 − Pi · z, where z =
maxi −mini

L− 1
(4)

Table III: The priority values (ψi) of the visual element instances in the individual
scanpath shown in Example 4.2

Visual Element Instance Priority Value ψi where z = 1−0.1
10−1

F1 1− 0 · z = 1.0
I1 1− 1 · z = 0.9
H1 1− 2 · z = 0.8
G1 1− 3 · z = 0.7
C1 1− 4 · z = 0.6
E2 1− 5 · z = 0.5
D2 1− 6 · z = 0.4
E1 1− 7 · z = 0.3
D1 1− 8 · z = 0.2
B1 1− 9 · z = 0.1

Once these priority values are calculated, the STA algorithm then calculates the to-
tal priority value (Ψ) for each visual element instance in all individual scanpaths with
the formula shown in Equation 5 where n shows the number of individual scanpaths.

Ψ =

n∑
i=1

ψi (5)

The STA algorithm locates the visual element instances in the trending scanpath
based on their total priority values where the visual element instance with the highest
total priority value is located at the beginning of the trending scanpath. When a trend-
ing visual element instance that is not shared by all individual scanpaths has lower
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Fig. 3: The Apple web page with its visual elements and the trending scanpath

total priority value than the minimum total priority value of the shared visual element
instances, it will not be included in the trending scanpath. In case more than one vi-
sual element instance have the same total priority value, the STA algorithm also uses
their total duration and total number of occurrences to locate them into the trending
scanpath (arranged from the largest values to the smallest values).

When the trending scanpath is constructed, it is not needed to have the numbers of
the visual element instances anymore. Therefore, the numbers are ignored and then
the trending scanpath is abstracted to remove consecutive repetitions. An example of a
trending scanpath of web users on the Apple web page is shown in Example 4.3. This is
also illustrated in Figure 3. The STA algorithm can also give a total fixation duration
for each visual element in the trending scanpath by keeping the fixation durations
until the last step.

EXAMPLE 4.3. An example of a trending scanpath of users on the Apple web page
F C I F E H E J D G D E B

The second pass of the STA algorithm has a time complexity of O(n3).

5. EVALUATION
In order to evaluate the STA algorithm, we conducted an eye tracking study with 40
participants in two different universities: Middle East Technical University Northern
Cyprus Campus and the University of Manchester in the UK [Eraslan et al. 2014].
This eye tracking study was also used to evaluate our preliminary simple algorithm,
called eMINE scanpath algorithm [Eraslan et al. 2014]. The eye tracking study shows
that although the eMINE scanpath algorithm could identify a general scanpath for
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multiple users in terms of visual elements of a web page, it still had limitations and
there was still room for improvement. Therefore, we developed the STA algorithm and
used the same eye tracking study to investigate the validity of the STA. In order to do
that, we focused on the following three hypotheses.

H1. When the participants are asked to complete a task by fixating certain visual el-
ements in a particular order, the trending scanpath generated by the STA algorithm
includes these visual elements in that order. The eye tracking study conducted was
a task based study. Therefore, we expect the outcome to include the sequence of the
visual elements that is required for the successful completion of the task.
H2. The trending scanpath generated by the STA algorithm includes all the visual
elements fixated by all the participants. This is to ensure that the trend analysis
covers all the visual elements that are visited by all the participants. If a visual
element is common in all participants’ scanpaths, we expect to see that in the trend
analysis outcome.
H3. The trending scanpath generated by the STA algorithm is the most similar to
the individual scanpaths. We expect to see that the STA algorithm is doing bet-
ter analysis by showing that the outcome scanpath is more similar to the inputted
scanpaths compared to other existing work in the literature.

5.1. Participants
Twenty female and twenty male participated in this study. The majority of these par-
ticipants were students, along with some academic and administrative staff at the
universities. They all used the web daily. Most of these participants (19 participants)
were aged between 18-24, then 25-34 group (15 participants) and then 35-54 group (six
participants). Moreover, 14 participants completed their high/secondary schools, seven
participants had a bachelor’s degree, nine participants completed their master’s degree
and nine participants had their Ph.D. degrees. Furthermore, 35 participants did not
have any problem with their vision whereas five participants had corrected vision.

5.2. Equipment and Materials
We recorded eye movements of these participants on the saved versions of the Apple,
Babylon, AVG, Yahoo, Godaddy and BBC web pages by using a 17” monitor with the
built-in Tobii T60 eye tracker and the screen resolution of 1280 x 1024. The degree
of accuracy of the eye tracker is given as typically 0.5 degrees [Tobii Technology AB
2011b]. The data quality can be affected in different conditions [Holmqvist et al. 2012].
However, the degree of accuracy of Tobii T60 eye tracker was tested in different condi-
tions (ideal conditions, large gaze angles, varying head positions, varying illumination
and white background) by the Department of Quality Assurance, Hardware Division
of Tobii Technology AB [Tobii Technology AB 2011a]. Their tests show that the degree
of the accuracy of Tobii T60 eye tracker was stable across the various conditions. As
the degree of accuracy is one of the parameters of the STA algorithm, it can be changed
by other researchers who want to use this algorithm in their studies.

The web pages used in this study did not include any animated object apart from
the Babylon and BBC pages. On the Babylon page, there was an animated arrow to
highlight the link for downloading the free version of Babylon. On the BBC page, the
content of the top news was changing automatically. As the STA algorithm identifies
a trending scanpath on a particular page and we would like to identify the trending
scanpaths on the six web pages, the participants were not allowed to use a mouse
or keyboard to visit other pages within the websites. In particular, they did not fol-
low the links on the web pages. Figures 3-8 show the web pages with their visual
elements which were identified by the extended and improved version of the VIPS
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Fig. 4: The Babylon web page with its visual elements

Fig. 5: The AVG web page with its visual elements
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Fig. 6: The Yahoo web page with its visual elements

Fig. 7: The Godaddy web page with its visual elements
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Fig. 8: The BBC web page with its visual elements

algorithm [Akpınar and Yeşilada 2013] (See also Open Data Section). This VIPS al-
gorithm discovers visual elements of web pages based on a granularity level where
smaller visual elements are discovered in the higher levels. As the fifth segmentation
granularity level is mostly preferred by users (approximately 74% user satisfaction),
we preferred to use this level to segment the six web pages in our experiments.

These web pages were randomly selected from a group of pages that were used in
a study that focused on evaluating the extended and improved version of the VIPS
algorithm [Akpınar and Yeşilada 2013]. In that study, Akpınar and Yeşilada [2013]
used the Visual Complexity Rankings and Accessibility Metrics (VICRAM) framework
to investigate the top 100 web pages listed by ALEXA.com4. The ViCRAM framework
was designed to discover visual complexities of web pages in correlation with users’
perception [Michailidou 2010]. When they determined the visual complexities of the
web pages, they randomly chose 10 web pages for each of the low, medium and high
complexity groups. In order to eliminate the possible effects of the web page complexity
on the evaluation of the STA algorithm, we randomly selected two web pages from each
complexity group. The Apple and Babylon pages have a low complexity, the AVG and
Yahoo pages have a medium complexity, and the Godaddy and BBC pages have a high
complexity.

5.3. Procedure
The participants first read the information sheet which explains the main objectives
of our study, what happens to their eye tracking data and their rights. After that, they
signed the consent form. They then filled in a short questionnaire which aimed to col-
lect their basic demographic information which are gender, age groups and education

4http://www.alexa.com
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levels. Following this, the participants sat in front of the eye tracker and then viewed
the six web pages twice for searching (maximum 120 seconds for each page) and brows-
ing in a random order. Thirty seconds were given to the participants for browsing on
each web page as used in other studies [Pan et al. 2004; Jay and Brown 2008]. For the
browsing tasks, the participants were asked to freely view the web pages without any
particular objective, and for the searching tasks, they were asked to find some spe-
cific information and/or items on the web pages while their eye movements were being
recorded. The searching tasks are as follows:

(1) Apple web page — See Figure 3
(a) Can you locate the link that allows watching the TV ads relating to iPad mini?
(b) Can you locate a link labelled iPad on the main menu?

(2) Babylon web page — See Figure 4
(a) Can you locate the link that you can download the free version of Babylon?
(b) Can you find and read the names of other products of Babylon?

(3) AVG web page — See Figure 5
(a) Can you locate the link which you can download a free trial of AVG Internet

Security 2013?
(b) Can you locate the link which allows you to download AVG Antivirus Free

2013?
(4) Yahoo web page — See Figure 6

(a) Can you read the titles of the main headlines which have smaller images?
(b) Can you read the first item under News title?

(5) Godaddy web page — See Figure 7
(a) Can you find a telephone number for technical support and read it?
(b) Can you locate a text box where you can search for a new domain?

(6) BBC web page — See Figure 8
(a) Can you read the first item of Sport News?
(b) Can you locate the table that shows market data under the Business title?

The participants were expected to fixate some specific visual elements in a partic-
ular order to complete the searching tasks successfully. For instance, on the Godaddy
web page, the participants firstly required to fixate the visual element F for the tele-
phone number of the technical support, and then the visual element M for the text box
where they could search for a new domain. We expected to see this sequence within
the resulting scanpath. Therefore, we created a baseline with these searching tasks to
test whether the STA algorithm meets the expectations.

There has been significant research on categorising user tasks on the web. One of
the most popular models in this field is G. Marchionini’s Search Activities Model which
divides the tasks into the lookup, learn and investigation groups [Marchionini 2006].
Our searching tasks are associated with fact finding that is related to the lookup group
whereas our browsing tasks are associated with serendipitous browsing which is re-
lated to the investigation group.

In order to deal with any possible short term memory effects, the first half of the
participants completed the searching tasks on their first visits to the web pages and
the browsing tasks on their second visits whereas another half completed the browsing
tasks on their first visits and the searching tasks on their second visits. As mentioned
above, the web pages were also randomised for each participant. For each transition
from one page to another, the previous web browser was closed and a new web browser
was opened automatically. Both of the transition and the randomisation of the web
pages and tasks allowed to deal with the effects of the previous tasks.
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5.4. Pilot Study
Before we started to conduct our eye tracking study, we conducted a pilot study with
four users to see if the tasks are clear and the durations are sufficient to complete the
tasks. In the pilot study, the users mainly understood and completed their searching
tasks within the given time. They also indicated that more than 30 seconds for the
browsing tasks could be boring. Therefore, more than 30 seconds could decrease the
quality of data for the browsing tasks. Since we did not encounter with any problem
regarding the tasks and durations, we did not need to make any changes for our eye
tracking study.

6. RESULTS
In the eye tracking study, one male participant changed his seating position while he
was reading the web pages, and therefore the eye tracker could not record his eye
movements. Another male participant encountered some considerable problems with
his eye calibration on the web pages. Hence, we had to remove these two participants
from the evaluation of the STA algorithm. In addition, some participants were not able
to complete the searching tasks successfully and/or had eye calibration problems. We
defined these participants as unsuccessful participants and had to exclude them from
our further analysis. Here, we present our major findings in terms of our hypotheses.

6.1. Including Expected Sequences
The participants were asked to complete some searching tasks on six web pages. In
order to complete their searching tasks successfully, they needed to locate some specific
parts of a given web page in a particular order. For example, on the Apple web page
shown in Figure 3, the participants were asked to locate the link which allows them
to watch the TV ads, included in the visual element E, and then locate a menu item
iPad, included in the visual element B. Therefore, the trending scanpath of the Apple
web page should include EB. With the searching tasks, we created a baseline to test
whether the STA algorithm provides a trending scanpath that includes the expected
sequence. We then hypothesised that the trending scanpaths identified by the STA
algorithm includes the required sequences for the successful completion of these tasks.

In order to support our first hypothesis H1: When the participants are asked to com-
plete a task by fixating certain visual elements in a particular order, the trending scan-
path generated by the STA algorithm includes these visual elements in that order, we
used the STA algorithm to identify the trending scanpaths of the participants for each
of the six web pages for the searching tasks. We were then able to investigate whether
or not these trending scanpaths include the expected sequences on the web pages. Ta-
ble IV shows these trending scanpaths with the expected sequences which should be
included in the trending scanpaths5.

The results in Table IV shows that all the trending scanpaths include the expected
sequences on the web pages. For instance, on the Babylon web page, the participants
were asked to locate the link which allows them to download the free version of Baby-
lon and then read the names of other products of Babylon. Since the visual element
M is associated with downloading the free version of Babylon and the visual elements
P, Q, R and S are related to four other products of Babylon, the expected sequence on
the Babylon web page is MPQRS. As can be seen from Table IV, the trending scanpath
identified on the Babylon web page for the searching tasks (MHIRPNPQRS) includes
the expected sequence. Based on these results, we can suggest that our first hypothesis
is supported.

5The figures which show the trending scanpaths on the six web pages can be downloaded from http:
//wel-data.cs.manchester.ac.uk/data files/18.
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Table IV: The trending scanpaths identified by the STA algorithm [#: The number of
successful participants] & The expected sequences which should be included in the
trending scanpaths

Page Name Expected Sequence # Trending Scanpath
Apple EB 34 I C F H E B G B
Babylon MPQRS 36 M H I R P N P Q R S
AVG GI 36 G I
Yahoo I 32 J I G J I
Godaddy FM 30 O F O N M L M
BBC RN 38 L P R P S T R N

Table V: The inclusion of the expected sequences in the resulting paths of the STA and
other existing algorithms

Page STA eMINE eyePatterns Dotplots SPAM
Apple 3 3 7 7 3
Babylon 3 3 7 7 3
AVG 3 3 7 3 3
Yahoo 3 3 7 3 3
Godaddy 3 7 7 7 3
BBC 3 3 7 7 3
Total 6 out of 6 5 out of 6 0 out of 6 2 out of 6 6 out of 6

To compare the STA algorithm with other existing algorithms in this context,
we applied existing appropriate algorithms (the algorithm used in the eyePatterns
tool6 [West et al. 2006], the Dotplots-based algorithm [Goldberg and Helfman 2010],
the SPAM algorithm7 [Ayres et al. 2002; Hejmady and Narayanan 2012; Fournier-
Viger et al. 2014], and our previous algorithm called eMine8 [Eraslan et al. 2014; Yesi-
lada et al. 2013]) to provide the results for all the individual scanpaths on the six
web pages for the searching tasks. The SPAM algorithm detected multiple patterns for
some pages. In order to be fair, we checked all of its longest detected patterns. There
are some other existing algorithms, such as iComp [Heminghous and Duchowski 2006],
to analyse user scanpaths but those algorithms were not developed for identifying a
general path for multiple users (See Section 3).

Table V shows whether or not the resulting paths of the STA algorithm and other
existing appropriate algorithms include the expected sequences for the user tasks on
the six web pages. In particular, the eMINE scanpath algorithm includes the expected
sequences for the user tasks in 5 out of 6 cases. Apart from the STA algorithm and
the SPAM algorithm, the resulting paths of algorithms do not always include those
sequences.

6.2. Addressing the Reductionist Problem
Existing research tends to lose the visual elements that are fixated by all users but
in a different order [Eraslan et al. 2013; Eraslan et al. 2016a]. This makes existing
algorithms reductionist (See Section 3). In order to address this problem, we designed
the STA algorithm to ensure that when a particular element is fixated by all users, it
will be marked as a trending visual element and included in the trending scanpath.
Therefore, our second hypothesis says H2: The trending scanpath generated by the STA
algorithm includes all the visual elements fixated by all the participants.

6http://sourceforge.net/projects/eyepatterns/
7http://www.philippe-fournier-viger.com/spmf/
8http://emine.ncc.metu.edu.tr/software.html

ACM Transactions on the Web, Vol. V, No. N, Article XXXX, Publication date: XXXX 2015.

http://sourceforge.net/projects/eyepatterns/
http://www.philippe-fournier-viger.com/spmf/
http://emine.ncc.metu.edu.tr/software.html


Scanpath Trend Analysis on Web Pages: Clustering Eye Tracking Scanpaths XXXX:23

Table VI: The trending scanpaths identified by the STA algorithm & The visual ele-
ments which were fixated by all of the participants [#: The number of successful par-
ticipants]

Task Page Name # Shared Visual Elements Trending Scanpath

Se
ar

ch
in

g Apple 34 B, E, F, I I C F H E B G B
Babylon 36 M, P, Q, R, S M H I R P N P Q R S
AVG 36 G, I G I
Yahoo 32 G, I, J J I G J I
Godaddy 30 F, L, M, O O F O N M L M
BBC 38 P, R, N L P R P S T R N

B
ro

w
si

ng

Apple 37 C, F, E, G, H C F I H B G E G
Babylon 37 M, P, S M H L I R Q M R S Q P
AVG 38 G, I G I G I
Yahoo 38 G, I, J I J G J I
Godaddy 37 M, N, O O M N O
BBC 38 L, P, T L S T P

In order to support our second hypothesis, we checked whether or not the trending
scanpaths identified by the STA algorithm for the browsing and searching tasks in-
clude the visual elements shared by all the individual scanpaths. Table VI shows these
trending scanpaths with the visual elements shared by all the individual scanpaths5.
Based on the results in Table VI where the shared visual elements are shown in bold
in the trending scanpaths, all the trending scanpaths identified by the STA algorithm
include the visual elements which were fixated by all the participants. For example,
the trending scanpath which was identified for 38 participants on the BBC web page
for the browsing task is LSTP where the visual elements L, P and T were fixated by
all the participants. These results support our second hypothesis.

Table VII: The rates of the inclusion of the shared visual elements for the STA algo-
rithm and other existing appropriate algorithms on the six web pages for the browsing
and searching tasks

Task Algorithms Mean Median Std. Deviation Min Max

Browsing

STA 1.00 1.00 0.00 1.00 1.00
eMINE 0.46 0.33 0.27 0.33 1.00
eyePatterns 0.00 0.00 0.00 0.00 0.00
Dotplots 0.14 0.00 0.22 0.00 0.50
SPAM 0.82 0.83 0.20 0.60 1.00

Searching

STA 1.00 1.00 0.00 1.00 1.00
eMINE 0.67 0.58 0.28 0.33 1.00
eyePatterns 0.00 0.00 0.00 0.00 0.00
Dotplots 0.26 0.13 0.39 0.00 1.00
SPAM 0.82 0.88 0.21 0.50 1.00

We also compared the STA algorithm with other existing appropriate algorithms in
this context. To achieve this, we calculated the rate of the inclusion of the shared vi-
sual elements by dividing the number of shared visual elements in the resulting path
by the total number of shared visual elements on a web page. As the SPAM algorithm
identified several patterns for some pages, we selected the one with the highest rate.
This means that we picked its best match. Table VII shows the mean, median, stan-
dard deviation, minimum and maximum values for the rates for the STA algorithm
and other algorithms on the six web pages for the browsing and searching tasks. As
shown in this table, only the STA algorithm fully addresses the reductionist problem
(Mean: 1.00, Std. Deviation: 0.00) whereas the results of other existing algorithms do
not always include the shared visual elements (Mean < 1.00, Std. Deviation > 0.00).
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6.3. Similarity to the Individual Scanpaths
Since the STA algorithm constructs a trending scanpath based on individual scan-
paths, the trending scanpath should be similar to the individual scanpaths. However,
it is not possible to have 100% similarity to the individual scanpaths unless all the
individual scanpaths are the same. In addition, when the individual scanpaths are
completely different from each other in terms of their coverage, such as ABC, KLM
and XYZ, it is not possible to identify any trending scanpath. Therefore, the similari-
ties between the trending scanpath and the individual scanpaths are strongly related
to the similarities between the individual scanpaths. We expect to see that the median
similarity of the trending scanpath to the individual scanpaths is equal or greater than
the minimum similarity between the individual scanpaths.

Our third hypothesis says H3: The trending scanpath generated by the STA algo-
rithm is the most similar to the individual scanpaths. In order to support our hy-
pothesis, we compared the results of our algorithm with the results of other existing
algorithms on the six web pages for the browsing and searching tasks. The SPAM al-
gorithm detected more than one pattern for some pages. In order to be fair, we chose
the one with the highest similarities to the individual scanpaths. This means that we
picked their best match.

Once the resulting scanpaths were identified, we then calculated the similarities be-
tween the resulting scanpaths and the individual scanpaths. These similarities were
calculated by using the Levenshtein Distance (String-edit) algorithm as described in
Section 3. The standard String-edit algorithm does not take fixation durations into
account but this does not cause any problem for our experiments because the exist-
ing algorithms, mentioned above, do not include fixation durations in their results.
Moreover, these algorithms do not apply any substitution while they are identifying
the common scanpaths of users, and therefore no substitution matrix was created and
used for similarity calculation.

Tables VIII and IX show the mean, median, standard deviation, minimum and max-
imum similarities between the individual scanpaths and the resulting scanpaths of
our STA algorithm and other existing algorithms on the six web pages. These tables
also show the minimum and maximum similarities between the individual scanpaths
for each web page. Table VIII presents the results for the browsing tasks and Table IX
presents the results for the searching tasks.

In order to investigate whether or not the differences between the results of the
STA algorithm and other existing algorithms are statistically significant and not due
to chance, we applied some statistical tests [Pallant 2007]. As it has already been
stated, the algorithms were applied to the same participants. This means that we
had a repeated measures design. Hence, if the distribution of the differences in the
similarities to the individual scanpaths was normal, we used the dependent T-Test
(one-sided). Otherwise, we used the Wilcoxon Signed Rank test. The T-Test provides
t value, which is positive when the STA algorithm has higher similarities, and the
Wilcoxon test provides z value. The normality of the results were assessed with the
Shapiro-Wilk test.

As usual, the statistical tests were conducted with 95% confidence interval [Pallant
2007]. Therefore, the p value should have been less than 0.05 to illustrate a significant
difference between the results of two algorithms. However, when the number of pair-
wise comparisons increase, the probability of identifying a significant difference due to
chance increases [Napierala 2012]. Since the STA algorithm was compared with other
four algorithms in a pairwise manner on each web page for both the browsing and
searching tasks, the Bonferroni correction method was applied to adjust the p value by
dividing it by the number of comparisons (0.05/4 = 0.0125) [Napierala 2012]. Hence, in
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Table VIII: The minimum and maximum similarities between the individual scan-
paths on the web pages for the browsing tasks, and the similarities between the indi-
vidual scanpaths and the resulting scanpaths of the STA and other existing algorithms
[NA: Not applicable as the existing algorithm could not detect any scanpath]

Page
Name

Min and Max
Similarities
Between
Individual
Scanpaths

Algorithm Mean Median Std. Deviation Min Max

Apple Min: 10.86
Max: 55.81

STA 15.98 15.22 3.42 10.77 24.14
eMINE 7.25 6.67 2.26 4.48 15.79
eyePatterns NA NA NA NA NA
Dotplots NA NA NA NA NA
SPAM 9.67 8.89 3.01 5.97 21.05

Babylon Min: 10.53
Max: 41.67

STA 19.06 18.87 5.02 11.48 34.78
eMINE 2.31 2.13 0.67 1.41 4.35
eyePatterns NA NA NA NA NA
Dotplots NA NA NA NA NA
SPAM 4.61 4.26 1.33 2.82 8.70

AVG Min: 12.50
Max: 51.52

STA 13.18 12.12 5.28 6.67 33.33
eMINE 6.59 6.06 2.64 3.33 16.67
eyePatterns NA NA NA NA NA
Dotplots 3.29 3.03 1.32 1.67 8.33
SPAM 13.18 12.12 5.28 6.67 33.33

Yahoo Min: 22.22
Max: 73.91

STA 22.57 21.29 6.11 11.11 35.71
eMINE 4.58 4.26 1.31 2.22 7.14
eyePatterns NA NA NA NA NA
Dotplots 4.58 4.26 1.31 2.22 7.14
SPAM 18.34 17.03 5.23 8.89 28.57

Godaddy Min: 10.87
Max: 57.14

STA 15.83 13.79 9.42 8.00 66.67
eMINE 3.99 3.45 2.37 2.00 16.67
eyePatterns NA NA NA NA NA
Dotplots 3.99 3.45 2.37 2.00 16.67
SPAM 11.98 10.34 7.10 6.00 50.00

BBC Min: 8.82
Max: 50.00

STA 12.30 11.65 4.06 6.45 22.22
eMINE 3.23 3.03 1.10 1.61 6.25
eyePatterns NA NA NA NA NA
Dotplots NA NA NA NA NA
SPAM 9.70 9.09 3.31 4.84 18.75

our tests, when the p value was less than 0.0125, it illustrated a significant difference
between the results of two algorithms.

To show the strength of the differences between the results of the STA algorithm
and other existing algorithms, the effect sizes were also calculated. The Cohen’s d
value was calculated as the effect size when the dependent T-test was applied (.2:
Small Effect, .5: Medium Effect, .8: Large Effect) whereas the r value was calculated
as the effect size when the Wilcoxon test was applied (.1: Small Effect, .3: Medium
Effect, .5: Large Effect) [Cohen 1988; Pallant 2007]. Table X illustrates the statistical
test results.

Results for the Browsing Tasks
For the browsing tasks (See Table VIII), the algorithm used in the eyePatterns tool
could not discover any path for the participants on all of the six web pages. Besides
this, the Dotplots-based algorithm could not provide any result on the Apple, Baby-
lon and BBC web pages. As can be seen from Table VIII, the median similarities of
the trending scanpaths generated by the STA algorithm to the individual scanpaths
are greater than the minimum similarities between the individual scanpaths on the
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Table IX: The minimum and maximum similarities between the individual scanpaths
on the web pages for the searching tasks, and the similarities between the individual
scanpaths and the resulting scanpaths of the STA and other existing algorithms [NA:
Not applicable as the existing algorithm could not detect any scanpath]

Page
Name

Min and Max
Similarities
Between
Individual
Scanpaths

Algorithm Mean Median Std. Deviation Min Max

Apple Min: 15.87
Max: 51.52

STA 18.80 18.07 6.57 7.94 36.84
eMINE 6.18 5.71 2.36 2.53 12.50
eyePatterns NA NA NA NA NA
Dotplots NA NA NA NA NA
SPAM 6.18 5.71 2.36 2.53 12.50

Babylon Min: 14.29
Max: 52.94

STA 20.78 20.67 7.25 9.17 42.11
eMINE 11.26 11.25 4.50 4.59 26.32
eyePatterns NA NA NA NA NA
Dotplots NA NA NA NA NA
SPAM 13.52 13.50 5.40 5.50 31.58

AVG Min: 12.50
Max: 76.92

STA 9.72 7.85 5.33 4.17 28.57
eMINE 9.72 7.85 5.33 4.17 28.57
eyePatterns NA NA NA NA NA
Dotplots 9.72 7.85 5.33 4.17 28.57
SPAM 19.44 15.69 10.67 8.33 57.14

Yahoo Min: 10.98
Max: 70.00

STA 21.79 20.00 9.92 6.10 44.44
eMINE 4.77 4.45 2.41 1.22 11.11
eyePatterns NA NA NA NA NA
Dotplots 4.77 4.45 2.41 1.22 11.11
SPAM 14.31 13.34 7.24 3.66 33.33

Godaddy Min: 13.51
Max: 57.14

STA 20.31 20.39 5.05 10.45 28.57
eMINE 6.38 6.56 1.86 2.99 10.00
eyePatterns NA NA NA NA NA
Dotplots 3.19 3.28 0.93 1.49 5.00
SPAM 12.76 13.11 3.72 5.97 20.00

BBC Min: 10.47
Max: 56.00

STA 22.19 23.33 6.40 9.30 33.33
eMINE 7.12 7.14 2.76 2.33 16.67
eyePatterns NA NA NA NA NA
Dotplots NA NA NA NA NA
SPAM 10.68 10.71 4.14 3.49 25.00

majority of the web pages (Apple, Babylon, Godaddy and BBC web pages). This also
exists for the SPAM algorithm on the BBC web page. Moreover, the statistical test re-
sults (See Table X) present that the STA algorithm performs significantly better with
a large effect (apart from the BBC page where the effect size is medium between the
STA and SPAM algorithms) compared to other existing algorithms and the probability
of the results being a chance is below 0.05%. The only exception to this is the SPAM al-
gorithm on the AVG page. On that page, both the STA and SPAM algorithms provided
the same trending scanpath.

Results for the Searching Tasks
For the searching tasks (See Table IX), the algorithm used in the eyePatterns tool
again could not discover any path for the participants on all of the six web pages. Be-
sides this, the Dotplots-based algorithm could not provide any result on the Apple,
Babylon and BBC web pages. Based on the results in Table IX, we can also suggest
that the median similarities of the trending scanpaths of the STA algorithm to the in-
dividual scanpaths are greater than the minimum similarities between the individual
scanpaths on the web pages, except the AVG web page. This also occurs for the SPAM
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Table X: The statistical test results for the browsing and searching tasks [NA: Not ap-
plicable as the existing algorithm could not detect any scanpath, NA+: Not applicable
as the degree of freedom (df) is not related to the Wilcoxon test, =: The resulting paths
of the STA algorithm and the existing algorithm have the same similarities to the in-
dividual scanpaths, N: The number of successful users, *p<.05, **p<.01, ***p<.0001]

Task Page Algorithms Test N df t or Z Value Effect Size

Browsing

Apple

STA-eMINE Wilcoxon 37 NA+ -5.232*** 0.61
STA-eyePatterns NA NA NA NA NA
STA-Dotplots NA NA NA NA NA
STA-SPAM Wilcoxon 37 NA+ -5.167*** 0.60

Babylon

STA-eMINE Wilcoxon 37 NA+ -5.303*** 0.62
STA-eyePatterns NA NA NA NA NA
STA-Dotplots NA NA NA NA NA
STA-SPAM Wilcoxon 37 NA+ -5.303*** 0.62

AVG

STA-eMINE Wilcoxon 38 NA+ -5.374*** 0.62
STA-eyePatterns NA NA NA NA NA
STA-Dotplots Wilcoxon 38 NA+ -5.374*** 0.62
STA-SPAM = = = = =

Yahoo

STA-eMINE T-Test 38 37 22.881*** 4.07
STA-eyePatterns NA NA NA NA NA
STA-Dotplots T-Test 38 37 22.881*** 4.07
STA-SPAM Wilcoxon 38 NA+ -5.235*** 0.60

Godaddy

STA-eMINE Wilcoxon 37 NA+ -5.305*** 0.62
STA-eyePatterns NA NA NA NA NA
STA-Dotplots Wilcoxon 37 NA+ -5.305*** 0.62
STA-SPAM Wilcoxon 37 NA+ -5.234*** 0.61

BBC

STA-eMINE Wilcoxon 38 NA+ -5.374*** 0.62
STA-eyePatterns NA NA NA NA NA
STA-Dotplots NA NA NA NA NA
STA-SPAM T-Test 38 37 10.771*** 0.70

Searching

Apple

STA-eMINE Wilcoxon 34 NA+ -5.087*** 0.62
STA-eyePatterns NA NA NA NA NA
STA-Dotplots NA NA NA NA NA
STA-SPAM Wilcoxon 34 NA+ -5.087*** 0.62

Babylon

STA-eMINE T-Test 36 35 19.072*** 1.58
STA-eyePatterns NA NA NA NA NA
STA-Dotplots NA NA NA NA NA
STA-SPAM T-Test 36 35 19.248*** 1.14

AVG

STA-eMINE = = = = =
STA-eyePatterns NA NA NA NA NA
STA-Dotplots = = = = =
STA-SPAM Wilcoxon 36 NA+ -5.233*** 0.62

Yahoo

STA-eMINE T-Test 32 31 12.550*** 2.36
STA-eyePatterns NA NA NA NA NA
STA-Dotplots T-Test 32 31 12.550*** 2.36
STA-SPAM T-Test 32 31 10.963*** 0.86

Godaddy

STA-eMINE T-Test 30 29 22.804*** 3.66
STA-eyePatterns NA NA NA NA NA
STA-Dotplots T-Test 30 29 22.436*** 4.72
STA-SPAM T-Test 30 29 21.121*** 1.70

BBC

STA-eMINE T-Test 38 37 20.443*** 3.06
STA-eyePatterns NA NA NA NA NA
STA-Dotplots NA NA NA NA NA
STA-SPAM T-Test 38 37 17.598*** 2.14

algorithm on the AVG, Yahoo and BBC web pages. Furthermore, the statistical results
tell us that (See Table X) the STA algorithm provides significantly better results with
a large effect and the probability of the results being a chance is below 0.05%, except
the AVG page. On the AVG page, the eMINE scanpath algorithm and the Dotplots-
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based algorithm provided the same result as our STA algorithm. However, the SPAM
algorithm provided a path which is more similar to the individual scanpaths compared
to other algorithms (p < .0001).

Summary
To sum up, our STA algorithm, the eMINE scanpath algorithm, the algorithm used
in the eyePatterns tool, the Dotplots-based algorithm and the SPAM algorithm were
tested on the six web pages for both the browsing and searching tasks, and there-
fore 12 cases in total. In order to investigate whether or not our STA algorithm per-
forms significantly better in terms of providing the most similar scanpath to individual
scanpaths in comparison with other existing algorithms, we conducted some statisti-
cal tests as mentioned above. Our results illustrate that the STA algorithm discovers
a trending scanpath which is more similar to the individual scanpaths compared to
other existing algorithms in 10 out of 12 cases. In addition, the STA algorithm still
performs significantly better than some of other existing algorithms in the rest of the
cases. Albeit the SPAM algorithm performed better on the AVG page for the searching
task, we can suggest that the overall results support the hypothesis which says our
STA algorithm provides a trending scanpath which is more similar to the individual
scanpaths compared to other algorithms.

7. DISCUSSION
In this paper, we introduce a new concept in clustering scanpaths called Scanpath
Trend Analysis (STA) which identifies the most commonly followed path by users on
a web page in terms of the visual elements of the page. We refer to this path as a
trending scanpath. This work differs from other existing work in that it does not only
take the visual elements visited by all users, but also takes the visual elements visited
by the majority into consideration. Furthermore, it calculates a priority value for the
visual elements to locate them in the resulting path. We present an algorithm to do this
trend analysis automatically. This algorithm was experimentally validated with an eye
tracking study. The study illustrates that this algorithm is able to identify a trending
scanpath of multiple users in terms of visual elements of a web page on different web
pages for different tasks.

Before we started our experimental evaluation, we hypothesised that when the par-
ticipants are asked to complete a task by fixating certain visual elements in a partic-
ular order, the STA algorithm provides a trending scanpath that includes these visual
elements in that order (H1 - Section 5). Since the participants were required to locate
some specific parts of the web pages in the searching tasks, we used these tasks to test
our hypothesis. Based on the results presented in Section 6.1, we can suggest that our
hypothesis is supported with the eye tracking study. For example, on the BBC page,
the participants were asked to read the first item of Sport News, included in the visual
element R, and then locate the table that shows market data under the Business title,
included in the visual element N. Therefore, we are expecting to see that the trending
scanpath identified for this page includes RN. The results show that the trending scan-
path identified for 38 participants includes RN, so our hypothesis is supported. These
trending scanpaths also include some other visual elements. This is also an expected
situation because the participants might locate other visual elements while they were
searching for their targets and/or listening and understanding the tasks from the re-
searcher. We also observed that large images attract users even though the users do
not have to look at them to complete their tasks. For example, the visual element F of
the Apple page includes a large image of the iPad mini. Albeit the element is not part
of the searching task, it is seen in the trending scanpath on the Apple page for the
searching tasks.
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The STA algorithm was designed to address the problem of being reductionist. The
main reason of being reductionist is losing the visual elements which are fixated by
all participants but in a different order [Eraslan et al. 2016a]. Therefore, we investi-
gated whether or not the trending scanpaths identified by the STA algorithm include
the visual elements which were fixated by all of the participants (H2 - Section 5). As
presented in Section 6.2, the STA algorithm thoroughly addresses this problem. How-
ever, if none of the visual elements is fixated by all participants, this can potentially
cause some problems in identifying a trending scanpath. In this case, the web page
segmentation should also be re-considered. For example, the segments (namely, visual
elements) may be enlarged to cover larger areas on web pages.

A trending scanpath is constructed based on individual scanpaths, so the trending
scanpath should be similar to the individual scanpaths (H3 - Section 5). Because it
is almost impossible to have the same individual scanpaths, the trending scanpath
cannot be 100% similar to the individual scanpaths. Hence, the similarities between
the trending scanpaths and the individual scanpaths are obviously associated with the
similarities between the individual scanpaths. Our experimental results in Section 6.3
suggest that the STA algorithm discovers a trending scanpath which typically has suf-
ficient similarity to the individual scanpaths. Compared to other existing algorithms,
our STA algorithm discovers a trending scanpath which is more similar to the individ-
ual scanpaths with a single outlier. On the AVG page, the SPAM algorithm [Hejmady
and Narayanan 2012] provides a scanpath which is more similar to the individual
scanpaths compared to our STA algorithm for the searching task. There might be var-
ious reasons because of the VIPS algorithm [Akpınar and Yeşilada 2013]: (1) the VIPS
algorithm might not detect the visual elements efficiently, (2) the source code of the
web page might not allow the VIPS algorithm to segment the web page well. In order
to investigate the effects of the segmentation granularity level of the VIPS algorithm
on the AVG page, we increased the granularity level from five to six. As the results
were normally distributed, we applied the dependent T-test. According to the statis-
tical test, our STA algorithm performs significantly better than the SPAM algorithm
on the AVG page at the granularity level six (t(35) = 13.319, p < .0001, d = 0.96). This
result suggests that the segmentation granularity level can potentially have effects
on the success of the algorithm. This needs to be further investigated in an extended
study.

The String-edit algorithm [Josephson and Holmes 2002] was used to determine a dis-
tance between two scanpaths and then calculate the similarity of the scanpaths based
on the distance. When the distance increases, the similarity decreases. The String-edit
algorithm penalises deletions, so the distances are longer for shorter extracted paths.
However, it does not mean that the shorter scanpaths are invaluable. The STA algo-
rithm can also provide short scanpaths. For example, it provides GI on the AVG page
for the searching task. However, if a longer scanpath can be generated and an algo-
rithm cannot detect that scanpath, it means that the algorithm is likely to lose some
elements which could be in the resulting path. For example, although a particular vi-
sual element gets attention from all users, it still may not be included in the resulting
paths of other existing algorithms.

In the evaluation of the STA algorithm, we used the absolute values of the numbers
of fixations and fixation durations on visual elements. These values might be affected
by some individual factors. For example, Rayner [1998] states that shorter fixations
are made by bilingual readers in their dominant language. In addition, a study con-
ducted by Pan et al. [2004] suggests that fixation durations are affected by gender. One
approach is to normalise these values for each user by using a statistical procedure to
remove individual variability from fixation durations [Buscher et al. 2012]. The nor-
malised values can then be used to identify a trending scanpath. However, this brings
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up some significant questions. The first question can be “Does the highest duration on
a particular visual element for each user show the same processing?”. For example, one
user may fixate the visual element for 2 seconds to only skim its content, next user may
fixate the same visual element for 5 seconds to carefully read its content and another
user may concentrate on only a particular part of the visual element for 2 seconds. If
these durations are maximum on the visual element for the three users, we should not
assume that the information processing is the same. Another question can be “When
two users have the same highest duration, does the duration illustrate the same pro-
cessing?”. For example, a web page may consist of a number of visual elements where
some of them may include more complicated objects in comparison with others. When
users focus on the complicated visual elements, they are likely to make longer fixa-
tions to process the elements. If one user spends 2 seconds on the complicated element
and another user spends 2 seconds on the element with some simple short text, the
information processing should not be counted as the same. Nevertheless, the effect of
the normalisation approach needs to be further investigated in another study. As the
approach should be applied before the analysis, it does not affect the inner workings of
the STA algorithm.

Although we investigated the validity of our STA algorithm and its success over
existing algorithms, this study still has some limitations. The majority of our par-
ticipants were students, despite the fact that our eye tracking study included some
academic and administrative staff at the two universities in Cyprus and the UK. Be-
cause of this, further studies can be conducted by including different groups of users.
Forty people participated to our eye tracking study. More participants can be included
to extend the evaluation of the STA algorithm. Moreover, six web pages were used in
our eye tracking study but none of these web pages is related to social networking
sites and search engines which are popular among web users worldwide9. Various web
pages from different categories can also be included for more generalisable results. Al-
beit the STA algorithm has been evaluated with some user tasks (See Section 6.1), the
algorithm can be re-investigated with more complex and longer tasks in the future. In
such cases, users may firstly wander around web pages a lot, then narrow down and
then fixate the expected visual elements. Since the STA algorithm ensures that the
commonly visited visual elements are included in the resulting scanpath by preserv-
ing their overall positions in individual scanpaths, we expect to see that the algorithm
also performs well with more complex and longer tasks. Further studies should be
conducted to prove our expectation.

7.1. Scanpath Trend Analysis in Use
In summary, the STA algorithm makes an important and useful contribution to be-
haviour analysis research on the web which can be used for different purposes. In
particular, these trending scanpaths can be used to re-engineer web pages based
on not only the content but also understanding and predicting of user experiences
to make them more accessible for small screen device users and visually disabled
users [Akpınar and Yeşilada 2015; Yesilada et al. 2013; Brown et al. 2010]. For exam-
ple, Figure 3 shows the Apple page with its visual elements, and the trending scanpath
identified with the STA algorithm for that page. As can be seen from this figure, the
Apple page has many visual elements and it would be faster to download and navigate
if we could remove some of its elements and re-order the rest based on user interac-
tions. Therefore, we need to know which elements are most commonly used and in
which order. The trending scanpath is here to answer these questions. Specifically, we
can remove the footnote items as they are not seen in the trending scanpath, and pro-

9http://www.alexa.com
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vide a single link to access them. This makes the size of the page smaller such that the
page can be downloaded faster. We can also re-order the elements based on their posi-
tions in the trending scanpath, and therefore the firstly and commonly used elements
can be accessed without a lot of scrolling/zooming when the page is accessed from a
small screen device or without spending time on unnecessary clutter when the page is
accessed by using a screen reader. Particularly, the visual element I is the third ele-
ment in the trending scanpath, however it can be accessed in approximately 19 seconds
(estimated by aDesigner10) with a screen reader. By re-ordering the elements, we can
change the position of the element to provide a quicker access. Furthermore, we can
give more emphasis on the repeating elements. For instance, the element E is seen in
the trending scanpath three times, thus we can highlight the element when the page
is accessed from a small screen device. Existing approaches tend to be reductionist,
thus they can lose commonly used elements [Eraslan et al. 2016a]. If their results are
used, some of the most commonly used elements may be lost.

These trending scanpaths can also help web designers, engineers, and practition-
ers to understand how users interact with web pages and evaluate the usability of
web pages. Furthermore, it can be useful for website owners to offer some parts of
their websites for companies who want to advertise their products. For instance, the
website owner can offer different prices for different visual elements based on their
positions in the trending scanpath. For example, the website owner can offer higher
prices for integrating the advertisements into the firstly visited visual elements be-
cause it is typically desired to attract users’ attention as soon as possible they visit the
website [Janoschka 2004]. Although existing research claims that web users tend to
ignore advertisements on web pages called “Banner Blindness” [Yesilada et al. 2008],
an eye tracking study conducted by Resnick and Albert [2014] suggests that the loca-
tions of advertisements are crucial. Therefore, the trending scanpaths have potential
to guide where the advertisements can be located on web pages to get users’ attention.
Since the STA algorithm also highlights the elements which are not trending, it can
also contribute to Information Retrieval (IR) research on the web as IR researchers
study on web pages to investigate which parts of the pages should not be provided
users to improve the retrieval performance [Yu et al. 2003]. Even though this study
focuses on user transactions with web pages, it can be applied to other visual media,
especially posters and art drawings, by using a different segmentation approach such
as a grid-layout [Underwood et al. 2008]. However, as the STA algorithm is mainly
designed for analysing user scanpaths by using a number of heuristics solely based on
eye tracking data, it may not be extrapolated to other applications.

8. CONCLUDING REMARKS AND FUTURE WORK
This paper presents a novel multi-pass Scanpath Trend Analysis (STA) algorithm to
discover trending scanpaths of multiple web users in terms of visual elements of web
pages. This algorithm takes eye tracking data and visual elements of web pages. Since
we would have trending scanpaths which can be used for further processing of web
pages, we use the VIPS algorithm to segment web pages into their visual elements
because it relates these visual elements with the underlying source code [Akpınar and
Yeşilada 2013]. The STA algorithm then relates eye tracking data to these visual ele-
ments to prepare individual scanpaths. It then uses a data-driven approach to identify
the trending visual elements in the individual scanpaths. It finally clusters the in-
dividual scanpaths to discover the trending scanpaths by using the trending visual
elements based on their overall positions in the individual scanpaths.

10http://www.eclipse.org/actf/downloads/tools/aDesigner/
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This paper also presents an eye tracking study that was conducted with 40 partic-
ipants to investigate the validity of the STA algorithm and its success over existing
algorithms. This study suggests that the STA algorithm is able to identify trending
scanpaths which address the reductionist problem that other existing work has. Our
experimental results also show that the STA algorithm generates a trending scanpath
which is more similar to the individual scanpaths compared to other existing work.

This study also highlights a number of areas where further studies can be conducted.
For example, in this study we had 40 scanpaths to identify a trending scanpath, but we
do not know if a smaller set of scanpaths would also be used to identify the same trend-
ing scanpath. Similarly, in our studies we have used the VIPS algorithm to generate
the visual elements automatically, however we do not know what would be the effect of
using other segmentation techniques with different segmentation granularity levels on
the STA algorithm. Furthermore, in our previous work, we showed that the task, gen-
der and familiarity factors are likely to affect these trending scanpaths [Eraslan and
Yesilada 2015]. We can conduct further experiments to investigate the effects of these
factors by using the STA algorithm. In the literature, some researchers discuss the
possible cultural effects on eye movements of users. In particular, according to Chua
et al. [2005], Chinese users spend less time on focal objects and make more saccades to
the background in comparison with American users. In contrast, other researchers did
not find any cultural differences between Chinese and American users in their stud-
ies [Evans et al. 2009; Rayner et al. 2009]. Therefore, the cultural effects on scanpath
trend analysis need to be further investigated in the future.
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OPEN DATA
The evaluation data including the materials (web pages, information sheet, consent
form and questionnaire) and the individual scanpaths in terms of the visual elements
of the web pages can be accessed at http://iam-data.cs.manchester.ac.uk/data files/18.
This link also includes the detailed complexity analysis of the most complicated part
of the STA algorithm and the full run of the algorithm for nine scanpaths on the Apple
page. The Python implementation of the STA algorithm is also provided.
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