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Motivations & Research Questions

★How does grouping layout elements affect visual search?

• Many guidelines for the design of web pages (e.g. National Cancer Institute, 2002) and application 
interfaces (e.g. Mullet & Sano, 1995) exist without direct or sufficient empirical support. 

• Mullet & Sano (1995) recommend using background color to visually organize layouts based on 
Gestalt psychology principle of common region.

• Communication researchers (Moore & Fitz, 1993; Smith, 2005) have qualitatively analyzed the 
impact of using Gestalt principles to improve visual layouts, but little if any quantitative research 
has been conducted on how Gestalt principles affect people’s visual search of layouts.

★How do the gestalt principles of proximity and common region affect visual search?

• A fair amount of research has been conducted on how the semantic content of items affects visual 
search.

• E.g. Brumby and Howes (in press) investigated when people tend to select or revisit menu items 
based on the semantic content.

• However, little if any research has investigated when people “filter” un-visited items based on 
the semantic content.

★How does the semantic grouping of items affect visual search?
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Hypotheses

•People use grouping by background color to 
guide visual search when properly motivated.

•People are more likely to saccade to nearby 
groups.

•Semantic-cohesion increases the likelihood of 
people exhaustively searching fewer groups.
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Results

• Search is clearly faster
when groups are
semantically-cohesive

• Search is significantly faster 
when groups are labeled,
but only marginally so.

• Search is not (significantly) 
aided by the background color.

• However, the mean reaction 
time is marginally lower 
when the background color 
is present.
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Reproduced with permission of the copyright owner.  Further reproduction prohibited without permission.

Eye movement analysis

• When investigating visual search, look at the eye movements.

• Aggregate eye movement data (e.g. # of fixations) is interesting, but only to a certain point.

• Recent eye movement metrics of importance are scanpaths.
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Abstract 
 
Fixation sequence analysis can reveal the cognitive strategies that 
drive eye movements. Unfortunately this type of analysis is not as 
common as other popular eye movement measures, such as 
fixation duration and trace length, because the proper tools for 
fixation sequence analysis are not incorporated into most popular 
eye movement software. This paper describes eyePatterns, a new 
tool for discovering similarities in fixation sequences and 
identifying the experimental variables that may influence their 
characteristics.  
 
Keywords: Eye tracking, data analysis, sequence analysis  
 
Categories: G.3 Probability and Statistics---Statistical software; 
I.5 Pattern Recognition (I.5.2 Design Methodology, I.5.3 
Clustering) 
 
1. Introduction 
 
The analysis of eye gaze has been used to determine the location 
of important and interesting information within a stimulus [e.g., 
Mackworth and Morandi 1967; Loftus and Mackworth 1978] and 
to identify cognitive approaches to task completion [e.g., Just and 
Carpenter 1976; Hornof and Halverson 2003]. Furthermore, 
fixation sequences, or the succession of fixations on a stimulus, 
and the cognitive processes that drive them have also been 
investigated. The analysis of fixation sequences, which are 
sometimes referred to as scanpaths, has many practical 
applications, and is becoming increasingly popular in eye 
movement research. 
 
Early research on fixation sequences focused on the existence of 
repetition within sequences, and the relationship of that repetition 
to underlying cognitive strategy. Yarbus [1967] determined that 
the order of fixations on regions of a stimulus is influenced by the 
relative importance of the regions to the viewer, and that viewers 
exhibited repeated cycles, or patterns, of fixations on the most 
interesting features of a stimulus.  Noton and Stark [1971] 
expanded on this by  examining  viewers’  sequences  of  fixations 

upon first viewing and then reviewing a stimulus. They found that 
a subject’s gaze tended to follow a similar sequence of fixations, 
or a scanpath, whenever a scene was viewed repeatedly, 
indicating that ocular motor control may be part of the memory of 
the scene.  
 
Most of the past sequence analysis applied to eye tracking data 
has dealt with subjects passively viewing a visual stimulus. 
Yarbus [1967] showed that subtle changes to the viewing 
instructions influenced fixation data during picture viewing. 
Sequence analysis of eye tracking data may be best suited to 
manual manipulation tasks in the real world that may lead to more 
consistency in eye movement patterns [e.g., Ballard, et al. 1997 
and Hayhoe 2000]. Additional studies have indicated that 
cognitive processes, dependent on subject, stimulus, and task, 
may drive fixation sequences [Stark and Ellis 1981; Brandt and 
Stark 1997].   
 
Fixation sequence analysis has also been used to evaluate 
algorithms for automated detection of areas of interest in a visual 
stimulus. Privitera and Stark [2000] compared sequences of these 
machine identified AOIs with sequences of fixations made by 
human subjects. 

eyePatterns: Software for Identifying Patterns and Similarities  
Across Fixation Sequences  
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Figure 1. An example of a fixation sequence on a web page. Each 
area of interest (AOI) is labeled with a one-character code. The 

string representation of the fixation sequence is a concatenation of 
the AOI codes, in the order in which fixations occurred within the 
AOIs. The string representation of this sequence is 'TTBNNLBL.' 
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the visual field that are interesting or confusing to subjects, or 
they might expose a natural order for processing information of 
the areas of interest.  
 
eyePatterns provides users with several methods for discovering 
patterns in gaze sequences. One method is the calculation of 
transition frequencies, which can be determined for one or more 
sequences. Transition frequencies are output as a matrix, in which 
each entry is color-coded on a scale that shows the highest 
frequencies in red and the lowest frequencies in black. In addition 
to estimating transition probabilities, transition frequencies are 
used in eyePatterns to verify that the transitions within one or 
many sequences are statistically different from those observed in 
another group of sequences, or from the transitions found in a 
randomly generated sequence. 
 
Locally aligning sequences [Smith and Waterman 1985], is 
another method, widely used in bioinformatics for finding patterns 
in data. A local alignment between two sequences highlights 
closely related subsequences that are found in both sequences by 
only aligning the regions that will produce the largest similarity 
score. The subsequences are not necessarily located in the same 
position in both sequences, but nonetheless are identified as being 
highly similar (Figure 5). This method, new to the eye movement 
field, enables valuable pattern discoveries to be made.  For 
example, performing a local alignment on two eye movement 
sequences could identify visual search strategies shared by two 
individuals although they occur at different times within an 
experiment.  
 
With eyePatterns, unknown and specified patterns can be found 
through discovery and pattern matching, respectively.  The 
discovery method allows users to input length and content criteria, 
and returns all patterns matching those criteria. For example, a 
user can elect to discover only patterns that are at least five 
characters long, which contain the AOI labeled “B,” and are 
found in at least four sequences.  Any instance of a substring that 
meets those criteria will be returned. Pattern matching is included 
for users who already have an idea of the patterns for which they 
are looking. Users can search for an exact pattern, or provide a 
regular expression—a string that uses certain syntax rules to 
describe a set of strings. For users that are not familiar with 
regular expression syntax, eyePatterns lets users match patterns 
using criteria that can be entered through a form.    
   

6. Conclusion 
 
eyePatterns makes analyzing fixation sequences easier than 
previously possible. This software tool provides trusted sequence 
analysis techniques and an intuitive interface that guides the user 
from identifying which experimental variables may influence 
fixation sequences to discovering patterns shared by similar 
sequences.  The software currently can import data in several 
formats, but more software integration is planned for future 
development, including the possibility of capturing fixation 
sequence data online during eye movement experiments. 
Additional sequence analysis techniques, such as compression and 
filtering of sequences are also planned.  
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Figure 5. The optimal local alignment of two sequences. a. 
The two sequences prior to alignment are considerably longer 

than the regions used in the alignment. b. Only one region 
from each sequence was aligned. These regions were aligned 
because their alignment resulted in the highest score out of 

any possible local alignment between the sequences. 

a

b
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Images from West, Haake, Roznaski & Karn (2006)

Image from Pieters, Rosbergen & Wedel (1999)
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Questions for you

• How can string alignment be 
used if the meaning of the string 
elements vary between strings?

• How can substitution costs be 
calculated?

• Are there variations of Markov 
models that would be more 
useful for this analysis?

• What are the most useful 
pattern finding methods to use?


