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Abstract
The ability to visually explore the world is a substantial and crucial factor for humans to interact and navigate in their environment.
Given the importance of the visual system, it is no wonder that vision research has become one of the major fields in cognitive science. Eye tracking studies hereby revealed three main factors, that
guide our visual perception and attention. These factors can be described as bottom-up and top-down features, as well as spatial properties. Whereas previous research has put a lot of effort in investigating each of these factors in detail, the combined interaction of
the factors – especially regarding spatial properties and biases – is
less well understood. This thesis deals with the different aspects of
several features influencing visual behavior. I present four studies
that examine different aspects of images with respect to their spatial properties. Hereby, I elaborate the global salience of images as
spatial factor, which can be impacted by top-down features, such
as emotions. Further, I describe how the effect of image sizes as a
spatial property is linked with visual exploration and exploitation.
In study 1 (Chapter 2) we investigated the global salience of images and its properties. While recording of eye movements, participants freely observed several image pairs, where one image has
been shown on the left, and one image on the right side of the screen.
Based on results of the eye tracking recordings, we trained a logistic
regression model to calculate a global salience coefficient for each
image that can be ranked in order to predict the location – left or
right image – of the first fixations in an image pair. Our trained
model was able to accurately predict the first fixation of an image
pair, indicating that images indeed provide a unique global salience
score. Hereby, we showed that the global salience of an image is
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independent of local salience and further that a given task or familiarity of the images affected the respective global salience.
In study 2 (Chapter 3) we investigated the influence of emotions
as top-down factor on natural visual behavior. Participants had been
emotionally primed either by a sequence of positive or negative laden
images. Afterwards, we recorded participants’ eye movements while
being confronted with image pairs, were one positive and one negative image – left and right respectively – was presented simultaneously. Results showed that positively primed participants tended to
shift overt attention towards negative images in the stimulus pairs.
In a later memory request, we further showed that such participants
had better recall performance of negative image content. Thus, we
concluded that positive priming increases attention and memory towards negative content.
In study 3 (Chapter 4) we investigated the trade-off between the
exploration (i.e. initiate fixations to unseen image areas) and exploitation (i.e. stay and process the currently fixated information
in depth) of natural images with varying sizes. Participants freely
observed images of different sizes and categories while eye movements have been recorded. For exploration we tested the distribution
of fixations measured by the central tendency and entropy, as well
as number of fixations and saccade amplitudes. The exploitation
was derivated from the fixation duration. In our results, we found
that larger image sizes led to a shift from exploitation towards exploration. That is, images have been explored more broaden while
in-depth processing reduced accordingly.
In study 4 (Chapter 5) we investigated the effect of image sizes
in natural viewing behavior within patients suffering from retinitis
pigmentosa (RP); an inherited disease that causes progressive pe-
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ripheral visual-field loss. The purpose of this study was to examine
whether visual behavior differed when the scene content was shown
in various extents of the perceived visual field. For this, participants
with varying degrees of visual-field loss and healthy control participants freely observed images of different sizes while eye movements
were recorded. For healthy control participants we could replicate
the effects already described in Chapter 4. That is, larger images
lead to a shift from exploitation to exploration. Surprisingly, on
group level RP patients scanned the images similar to the healthy
control participants. However, on individual level RP patients also
showed individual idiosyncratic explorative strategies when the observed scene exceeded their visible field. We thus concluded, that
although retinitis pigmentosa leads to a severe loss of the visual
field, there seems to be no general adaptive mechanism adapting visual exploration accordingly. Instead, individuals rely on individual
strategies, leading to high heterogeneity in the RP group.
In a nutshell, our results showed that images provide unique global
salience coefficients that can predict attraction of visual attention.
However, emotions as top-down factor affect these global salience
coefficients as shown by a shift of attention towards negative image content. The size of an image as spatial property affects natural
viewing behavior in such way that in-depth processing (exploitation)
shifts towards broader exploration in large images. These results remain remarkably stable, even when the image size extends the visual field (in RP patients). Summarized, the studies in this thesis
were motivated to gain and deepen knowledge in the interplay between distinct factors – with an emphasis on spatial properties – that
impact visual behavior and attention.
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CHAPTER 1

General Introduction

1.1

Visual Perception and Eye Movement Research

We as human beings are in constant need to interact with our environment, in order to receive information, to initiate actions, and to
react to other stimuli and living beings. To fulfill all that, the evolution has developed specific modalities. We are able to smell, taste,
hear, feel, and to see. All of these senses map together via electrical
signals in our brain, in order to create a cortical representation of
the outer environment. In the cortex, these signals are interpreted
and processed, such that appropriate (inter-)actions can be planned,
e.g. to initiate certain muscle movements to catch a flying ball in the
air. Although all modalities accomplish their unique purpose, vision
plays a crucial part in a very large amount of interactions. Vision is
needed for navigation (i.e. find the right path and ignore obstacles),
detecting objects as well as where to grab and how use these objects
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appropriately. In addition, our visual system provides the ability to
understand the behavior of others by observing it. All together, the
visual system is probably the most important modality to navigate
and interact with the environment.
The human eyes are capable to receive a very large space (150°
per eye) of the environmental scene. This information retrieval is a
continuous process where a lot of information is gained simultaneously. Hence, it is not surprising that the process of vision covers
a complex path in the human brain, starting from light hitting the
eyes’ retina (i.e. visual receptive field) up to complex scene representation and understanding in the visual cortex (covering almost
20% of the entire cortex [1]) which is located in the superior part
of the brain. Hereby, many stages of processing need to be accomplished step by step. This hierarchical process starts with the
perception of single bar orientations in simple cells on the receptive field, that then combine into complex cells, enabling to perceive
actual geometric shapes [2, 3]. In the next step, the visual information passes the optic nerve where it hits the optic chiasm. In
here, the perceived visual information is uniquely split into the left
and right visual field in a contralateral pattern. That is, the left side
of the perceived visual scene will be transported to the right hemisphere of the brain, whereas the right part of the visual scene will
be further processed on the left hemisphere (Figure 1.1a). During
further (bilateral) process, the visually perceived information passes
the lateral geniculate nucleus (LGN), targeting into two separate –
albeit not completely independent – branches. The first branch is referred to as parvocellular pathway and responsible for color as well
as detailed shape recognition of a scene. This pathway is typically
slow but highly sustained in processing. In contrast, the much faster
but transient processing magnocellular pathway extracts motion in-
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formation. However, information of both pathways passes through
the first layer of the visual cortex (i.e. the striate / primary cortex),
again mapping to two streams (dorsal and ventral) in higher areas
of the visual cortex. These two streams are related to the pathways
originating from the LGN. That is, the dorsal stream – projecting
towards the parietal lobe – refers to visual motion and control of action, whereas the ventral stream – projecting towards the temporal
lobe – is responsible for recognizing the visual scene itself as well
as its objects [4] (Figure 1.1b). Although the process of vision is hierarchically ordered in the cortex, it may only take 150 ms from first
visual scene perception to a complete internal representation in the
brain [1]. In conclusion, human visual processing is a very complex
but hierarchically structured system causing a lag from first light
detection to full cortical representation of the scene.
In order to process the perceived information in the cortex without
overflow, we constantly need to filter out relevant parts of the visual
field and separate it from irrelevant information. To achieve that, the
sharpest and most accurate amount of light is processed in the fovea
(the central part of the retina), whereas perception in peripheral areas
of the retina gradually narrows down in terms of sharpness and color
perception [5, 6, 7]. This results in a spotlight resembling fixation of
the eyes on the respective point of interest. Hereby, the fixation of
regions of interests (ROI) is not only linked with sharpest vision but
also with highest accuracy in conscious in-depth processing. This
in-depth processing represents the actual cognitive understanding of
the perceived region of interest and is – in vision research – typically linked with the fixation duration [8]. Concrete eye fixations
(and their fixation durations) on a region of interest are also referred
to as overt attention [9]. However, visual attention does not exclusively occur in the foveal part of the retina. In fact, covert attention
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Figure 1.1: The process of a) visual perception from light hitting the receptive
fields on the retina towards the lateral geniculate nucleus and further towards the
visual cortex in the superior part of the brain. b) In the striate (i.e. primary) visual
cortex, the information is then further processed for color and detail recognition
in the ventral stream, as well as for motion and action recognition in the dorsal
stream. Image Sources: Creative Commons Licence, commons.wikimedia.org, a)
created by M.P. Nieto, b) created by User Selket
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describes the process to consciously focus on peripheral areas of the
retina outside of the fixational spotlight [10]; e.g. attending to the
change of a traffic light perceived in the upper right corner of the
visual field while sitting in a car and fixating the street directly in
front. However, note that covert attention does not provide the same
conscious in-depth processing as overt attention; mainly due to the
already mentioned decreased visual capabilities in the periphery. As
a consequence, the eyes have to constantly move by initiating saccades in order to focus on relevant parts in the visual field – that
is, shifting overt attention – leading to a smooth representation and
conscious understanding of the overall scene. Thus, the interplay
between fixations, fixation durations and saccades is very crucial to
explore and exploit a visual scene in full depth.
Given the importance of the visual modality and in particular overt
attention, it is no wonder that scientists started very early in the field
of cognitive science to investigate where people look at and what
mechanisms guide visual behavior [11]. While in the early beginning of vision research, tracking of eye movements implied physical
attachment of mirrors and lenses directly on the participants’ eyes
[12], methods changed in recent times. Nowadays, the most common standard to investigate visual behavior involves eye tracking
camera systems (Figure 1.2a). Hereby, the camera is directly faced
towards the eye and measures the rotation of the eye balls’ pupil
and/or cornea reflection (in visual degrees). With respect to the participants’ distance to the test screen presenting visual stimuli or the
respective object in the real world, the eye tracking software then
calculates the exact fixation on a scene (Figure 1.2b). As no physical eye contact is needed, modern eye tracking systems provide a
comfortable setup for participants combined with the possibility for
natural head and eye movement visual stimulus perception.

6
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Figure 1.2: a) Head mounted eye tracking system on a test participant (left) and
camera recordings in the eye tracking software (right). b) Sketch showing how
cameras measure eye ball rotations and thus angular differences of the pupil in
order to map a respective fixation point on a distant image scenery. This example shows an upward rotation of the eye ball at a specific visual angle. The
mapped fixation point is calculated by basic trigonometry given the visual angle
and distance from pupil to screen. The images in a) are property of the Institute of
Cognitive Science at Osnabrück University. Photo made by Ricardo R. Gameiro,
photographed model: Justine Winkler

1.2 Bottom-Up Factors in Visual Perception
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Up to now, eye tracking research covers a huge variety of studies
showing the complexity of visual behavior [11]. These studies give
insights into basic shape recognition, free image viewing and more
recently also into virtual, as well as real world scenarios. Hereby,
specific ground elements have been found in terms of visual behavior. More specifically, there are three major factors influencing
where humans look at. These factors are classified as bottom-up and
top-down features, as well as spatial biases.

1.2

Bottom-Up Factors in Visual Perception

Bottom-up factors derive directly from the visual stimulus that is
being observed. Objects and ROIs in images are consisting of several properties, such as luminance, color, contrast, edge information,
and more. As in a competitive manner, specific occurrences and individual changes of these properties may attract eye movements. A
prominent example of such bottom-up directed visual guidance is
the pop-out effect; e.g. in a scene containing a large number of green
circles, a single red circle that is among the green circles obviously
draws immediate attention. Bottom-up factors have a very strong
effect in visual image processing and occur even in repetitive presentation of the same stimulus [13]. In that sense, contrasts between
the characteristics of given properties (e.g. luminance) can also be
mathematically highlighted to form specific feature maps [14, 15].
By overlapping several of these feature maps (e.g. contrasts in luminance, color, edges) salience maps can be calculated. Such salience
maps are a solid method to topographically represent an image scene
predicting where humans will look at most likely while observing
that scene [16, 17]. In conclusion, salience based eye movement
predictions work surprisingly accurate, providing evidence that low-
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level image features are a strong factor to guide visual behavior.

1.3

Top-Down Factors in Visual Perception

In contrast to low-level image features in bottom-up visual guidance, top-down factors rely on aspects of the observer looking at a
scenery. That is, the personality traits and motivation play a crucial
role in eye movement behavior. Personal traits, such as emotions,
have a strong impact not only to overtly attend to specific regions of
interest [18], but also in the in-depth processing of objects. Unema
[8] showed that fixation durations increase (linked with more intense
conscious processing) when a fixated region is emotionally induced,
i.e. implying higher arousal and valence. Other personality traits in
visual behavior can also arise from deeper – and sometimes unconscious – levels. Studies have shown that social context has a massive
impact in guiding eye movements, revealing that participants immediately fixate at humans or regions of social interaction in images,
as well as text content in a scene [19, 20, 21]. Furthermore, motivational factors may arise from individual interests of the observer.
These interests can originate from internal desires but might also be
given by external instruction, e.g. in visual search tasks [22]. Examples for the latter could occur in research studies where participants
are asked to find certain targets but also in games such as ”Where’s
Waldo?”. Hence, top-down factors are important in eye guidance
and may explain individual differences in visual behavior throughout different people observing the same images.
Aside from visual search, top-down information also helps humans to process the image content. As mentioned in section 1.1,
vision in peripheral areas is limited in terms of color perception

1.3 Top-Down Factors in Visual Perception
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and sharpness. To compensate for these limitations – and getting a
complete representation of the visual field – the human brain draws
on knowledge based information of how certain objects have to be
structured and colored in order to fill in missing properties of the
perceived scene accordingly [23]. The same effect holds for lacking perceptual information in the visual field. The blind spot of
the eye is a part of the retina where optic fibers of the receptive
field enter the cortex. This results in a blind area on that part of the
retina as no visual receptors are available. Here again, information
of the surrounding area in the visual field is used to fill the gap of the
blind spot. Interestingly, in visual processing we rely more on the
given information by top-down processes rather than real world information [24]. A further impact of top-down integration is found in
the ambiguity of stimuli. When objects cannot be defined uniquely
while looking at them, context information within the visual scene
helps the brain to interpret a meaning towards the observed object.
Hereby, learned compositions of specific semantic contexts guide
which objects should be expected in that scene [25, 26]; e.g. in a
train station it is more likely to identify a cuboid as suitcase rather
than as mechanical toolbox. Thus, in visual processing there are
many steps where the brain uses learned knowledge to fully process
and understand the given scene as a whole.

In conclusion, top-down factors are highly important in both, visual search behavior and in-depth processing of a visual stimulus.
Personal traits, motivation, and gained knowledge of visual properties interact in order to find desired targets in a scene and to fully
map and understand its cortical representation in terms of the features of objects and its overall semantic context.
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Spatial Information in Visual Perception

Finally, spatial information of an image describes a third factor that
impacts visual behavior besides bottom-up and top-down features.
That is, positioning of a stimulus on a screen or location of individual objects within a scene may result in spatial viewing biases.
Recent studies argued about specific photographer effects in natural image viewing. Photographers usually place relevant objects of
a scenery in the center of the image, which might lead to a central fixation bias. This central bias may also be enhanced due to
experimental conditions in eye tracking studies, where typically a
central fixation dots preceds the ongoing stimulus [27, 28, 29]. In
addition, occulomotor constraints in areas of the cortex responsible
for eye movements (e.g. the frontal eye field – FEF) interact with
such spatial stimulus factors. Studies showed that humans tend to
perform rather short saccades (i.e. eye movements) in visual search
[30, 31, 32]; with saccade amplitudes less than 15° of visual angle
[33]. Hence, when fixating a central part of an image, participants
persist for some time in that central area while visual exploration.
However, spatial viewing biases also adapt to specific situations.
In urban outdoor scenes, people shift overt attention towards lower
parts of the image, due to more relevance of the context in the lower
part (i.e. the sky is not as helpful in navigation as crossing streets).
In contrast, indoor scenes lead to a broader visual search involving
also upper areas of the scene (e.g. windows, walls). Yet, in visual
webpage browsing the spatial bias shifts to the upper left area, as an
effect of a typical webpage structure [34]. Thus, spatial biases play
a crucial role in visual behavior.

1.5 About This Thesis

1.5
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About This Thesis

Given the three main factors influencing eye movement behavior
(bottom-up, top-down, and spatial information), many studies elaborated visual search behavior with an emphasis on one of the three
factors respectively. However, most of the previous studies concentrated on effects of bottom-up and top-down features (as well as their
interaction), but often neglect spatial properties from the presented
images themselves. That is, research has been intensified a lot on
isolated and local image details (e.g. positioning of certain objects in
a scene), while rejecting the combination of all these local features to
an overall image context (or feature). In the present thesis I thus focussed more onto the general properties and biases of images as well
as their global contextual scenery as a whole. The goal was to investigate how natural visual behavior and overt attention is affected by
changes in specific global properties of the presented images and the
interaction of spatial biases with bottom-up and top-down features.
For this, I included four studies in this thesis showing a) how two
independent images compete in terms of initial saccadic attraction
when being placed side by side simultaneously and b) how spatial
properties (i.e. the size) of an image impacts visual exploration and
in-depth processing.
Chapter 2: Global visual salience of competing stimuli

As discussed in section 1.2, models of visual salience maps provide
a robust computational method to accurately predict eye movement
behavior on single visual stimuli. However, such salience maps can
only predict the distribution of fixations locally within a single image. How visual attention might be affected when two competitive
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images occur simultaneously, is not known. That is, in multiple image presentations certain questions remain unclear. More precisely,
which mechanisms decide whether to look at one or the other image first after stimulus onset? Are these mechanisms based on the
local salience maps of the single images or are there any individual measures occurring? And further, do task and familiarity of an
image influence eye movements in situations of competing stimuli?
In this chapter, we target the above questions and provide a method
to calculate the global salience of a single image as a whole and its
properties.
Participants freely observed pairs of images, where one image was
presented on the left and one image on the right side of the screen.
During observation, we recorded eye movements. In order to investigate whether familiarity of an image affects the global salience, we
presented previously unseen images paired with already shown images in the second half of the experiment. Furthermore, we added
a task and asked participants (after stimulus offset) to identify the
previously seen or newly appeared images respectively. Based on
the recorded eye tracking data indicating which of the two images
was fixated first after stimulus onset, we trained a logistic regression
model. According to the binary decision whether to look on the left
or right image, the model hereby learned to assign a specific global
salience coefficient of each image. Hereby, a higher global salience
coefficient of an image implied a higher probability to attract eye
movements onto that image when being presented with another image comprising a lower global salience coefficient. Indeed, we found
that the model accurately predicted the distribution of first fixations,
providing an accurate measure of the global salience. We thus concluded that attraction of eye movements when presenting two competing images does not rely on local features of the individual im-
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ages. Instead, images provide a unique coefficient indicating their
respective global salience. Familiarity and task biases were rather
small and did not affect the global salience significantly. Summarized, the global salience of images is a robust approach to predict
eye movement behavior in terms of the first fixations.
Chapter 3: Feeling good, searching the bad: Positive priming increases attention and memory for negative stimuli on webpages

In the previous chapter, we measured whether participants will target either a left or right presented image when being presented simultaneously. Hereby, the results originated from global bottom-up
features of the respective stimuli. In the next study, we deployed
a similar experimental setup but added top-down information into
the methods. More precisely, we induced emotions both, in the images as well as in the participants mood, related to externally (i.e.
the emotional valence of the sensory stimulus) and internally loaded
(i.e. the emotional state of the participant) forms of emotional impact.
We investigated the influence of both types of emotions as topdown factor and their interaction. Participants had been emotionally
primed by a sequence of positive or negative images before they observed target stimuli where two emotionally loaded (one positive,
one negative) images where shown at the same time; one on the
left and one on the right side of the screen. In order to provide
a valid cover story and preserving participants to realize the main
purpose of the study, we wrapped both images with fake news webpages. News webpages provided an elegant way to present distinct
emotional-laden stimuli in one global scene context. While participants observed these webpages, we recorded effects on overt atten-
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tion, saccadic parameters, and explorative behavior. In addition, we
provided a memory task at the end of the experiment where participants had to recall as many previously seen image scenes as possible.
We found that participants with positive priming preferred to fixated
images providing negative content. This effect was linked with a better recall performance in favor of negative image scenes. Hereby, for
positive mood induction an increased attention positively correlated
with the recall performance on individual participant level. As an
additional results, we saw that the evaluation of the news-portal’s hedonic quality and overall appeal, but not of usability, was affected by
the participants’ emotional state. Summarized, we showed that that
there are complementary effects of internally and externally loaded
emotions with the tendency that positive priming increases overt attention and memory effects in favor of negative stimuli.
To conclude, in the chapters 2 and 3 we show that images provide
a unique global salience score that is bottom-up driven, leading to
attraction of initial eye movements after stimulus onset. However,
emotions as top-down factors overlay these bottom-up features with
an emphasis towards negative image content when being in a positive mood.
Chapter 4: Exploration and exploitation in natural viewing behavior

In the following, we moved from multiple image presentations in
distinct locations within one stimulus towards another important spatial property of a single image itself; i.e. its size. The image size is a
highly neglected property of a stimulus when interpreting eye movement behavior. The importance of image size becomes relevant in
typical eye tracking studies, where stimulus presentation is usually
limited in terms of time. In such experiments, many eye-tracking
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studies investigate visual behavior with a focus on image features
and the semantic content of a scene. A large number of studies
is available according to these aspects. Hence, our understanding
of the decision process where to look has reached a mature stage.
However, the temporal aspect, whether to stay and further scrutinize a region (exploitation) or to move on and explore image regions
that were yet not in the focus of attention (exploration) is less well
understood. Given a limited time of stimulus presentation, exploration and exploitation interact in a constant dilemma that might be
highly affected by spatial image properties, such as the image size
(i.e. varying amount of surface area to explore). Thus, in this chapter we investigate the trade-off between exploration and exploitation
across natural images with varying properties and sizes.
In a free viewing task, participants observed natural images while
eye movements were recorded. In particular, we measured the central tendency and entropy of fixations, as well as the distribution
of saccade amplitudes, number of fixations and their duration (i.e.
in-depth processing). Our results showed that both, the central tendency and entropy scaled accordingly with the image size. In addition, the mean of saccade amplitudes linearly increased with larger
image sizes, originating from an interaction between the distribution
of saccade amplitudes and the spatial bias of the respective image
size. Further, larger images led to a larger and more extensive spatial sampling as shown by a higher number of fixation durations in
combination with a reduction of fixation durations. However, we
showed that due to oculomotor limitations, the number and duration
of fixations did not adapt linearly with the image size, but rather in
a logarithmic manner. Summarized, our results demonstrated a profound shift from exploitation to exploration as an adaptation of main
gaze parameters with increasing image size.
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Chapter 5: Natural visual behavior in patients with peripheral visual field
loss

In a final study, we built upon our previous findings showing that
image explorations scales with image size. Our key question was
whether the relation between total visual field size and image size
does make a difference in exploration and exploitation. By means
of the previously shown study, participants where healthy in terms
of visual capabilities, perceiving a large span of the visual field. In
our study, we were limited in such manner that we could not present
stimuli sized as big as the participants visual field. Hence, we used
the same method of presenting images in varying image sizes to participants in this chapter. However, we tested a new group of participants, suffering from retinitis pigmentosa (RP). Retinitis pigmentosa
is an inherited disease that causes progressive peripheral visual-field
loss, due to the loss of visual receptor in the retina. In this chapter, we investigated how such loss of peripheral vision affects visual
exploration of natural images.
Patients suffering from varying degrees of visual-field loss as well
as healthy control participants with normal or corrected to normal
vision freely observed images of different sizes while eye movements were recorded. We examined whether visual behavior differed when the scene content of an image was presented in various extents of the visual field. For this, similar as in chapter 1.5,
we investigated the spatial bias, saccade amplitudes, and number as
well as duration of fixations. In terms of the spatial fixation bias,
we found that the control group showed a tendency to fixate more
onto central parts of the images (throughout all image sizes). RP
patients showed similar biases on group level. However, on individual level we found reproducible exploration patterns, indicating
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that some RP patients might have trained some viewing adaptations
to strategically scan the images. For saccade amplitudes, the healthy
control group and the RP group showed similar behavior in all image
sizes. That implies, that RP patients who are suffering from a severe
loss of peripheral vision (i.e. the visual field is smaller than an average saccade amplitude) tended to target saccades towards blind areas
of their respective visual field. In terms of the number of fixations
we did not find any difference between healthy controls and RP patients, although fixation durations and thus in-depth processing was
decreased in RP patients. Summarized, we showed that RP patients
scanned images surprisingly similar compared to the healthy control
participants. Still, RP patients showed individual idiosyncratic explorative strategies in image sizes larger than their respective visual
field. To conclude, we did not find a general adaptive mechanism
that changes visual exploration in patients with visual field loss. Instead, it seems that individual RP patients rely on individual viewing
strategies, leading to a high heterogeneity of visual behavior in the
group of RP patients.

Summary

In summary, the four different chapters provide new insights in the
interaction between bottom-up features, top-down interaction, and
spatial biases in viewing behavior. In the first two chapters, I elaborate the general global salience of an image to find out whether
images with higher coefficients of this global salience attract eye
movements earlier than other images shown at the same time but
comprising a lower global salience. In chapter two I used a similar
stimulus setup but added top-down effects, more precisely emotions.
Here, I elaborate whether emotions similarly affect overt attention
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in terms of initial eye movements in a competitive manner when
more than one image scene is presented at the same time. As a new
global and spatial feature of images, in chapter three I investigated
how the image size affects visual behavior in terms of exploration
and exploitation. Finally, in chapter four I focus on patients with
visual field loss, in order to elaborate how exploration and exploitation interact in varying extents of the visual field size with respect to
images differing in image size.

CHAPTER 2

Global visual salience of competing stimuli

This chapter has been published in “Journal of Vision”:
Hernández-Garcı́a, A., Ramo Gameiro, R., Grillini, A. & König,
P. (2019). Global visual salience of competing stimuli. Journal of
Vision, 20(7):27, 1-18, doi:10.1167/jov.20.7.27
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Global visual salience of competing stimuli

Abstract

Current computational models of visual salience accurately predict
the distribution of fixations on isolated visual stimuli. These predictions relate to the relative distribution of fixations within a single image, that is they form a local salience map. It is not known, however,
whether the global salience of a visual stimulus, that is its effectiveness in the competition for attention with other stimuli, is a function
of the local salience or an independent measure. Further, do task and
familiarity with the images influence eye movements in situations of
competing stimuli? Here we investigated the global salience of images and its properties. Participants freely observed pairs of images
while eye movements were recorded. In half of the experiment we
presented pairs of new images and pairs of already seen images. In
the other half, new and familiar images were mixed and participants
indicated either new or previously shown images respectively. Then,
we trained a logistic regression model to predict the location – left
or right image – of the first fixations for each stimulus pair, accounting as well as for the influence of task and familiarity. The model
accurately predicted the distribution of first fixations, providing a
reliable measure of global salience, as indicated by the coefficients
assigned to each image. Importantly, the global salience cannot be
explained by the feature-driven local salience of the images. Further, we reproduced the previously reported left-sided bias for the
first fixation. Finally, the influence of task and familiarity was rather
small. Summarized, we showed that the global salience of images
well predicts human eye behavior in terms of the first fixations, is
independent of the local salience and little influenced by task and
familiarity of stimuli.
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Introduction

The guidance of eye movements in visual behavior is a dominant
necessity for navigation and interaction with the environment [35,
36, 37], also reflecting the individual personality [38]. We constantly
have to decide where to look next and which regions of interest to
explore, in order to process and interpret relevant information of a
scene [39]. As a consequence, investigating eye movement behavior
has become a major field in many research areas [11, 40, 37].
In this regard, a number of studies have shown that visual behavior is controlled by three major mechanisms: bottom-up, top-down,
and spatial biases [41, 42, 43, 44, 45, 46, 47, 48]. Bottom-up factors
describe features of the observed image, which attract eye fixations,
involving primary contrasts, such as color, luminance, brightness,
and saturation [16, 49, 50]. Hence, bottom-up factors are typically
based on the sensory input. In contrast, top-down factors comprise
internal states of the observer [45, 40]. That is, eye movement behavior is also guided by specific characteristics, such as personal
motivation, specific search tasks, and emotions [18, 51, 52, 38, 53].
Finally, spatial properties of the image, such as the image size, and
motor constraints of the visual system in the brain may affect eye
movement behavior [39, 54]. As a result, spatial properties and motor constraints then lead to specific bias effects, such as the central
bias in natural static images [27]. Thus, investigating visual behavior necessarily implies an examination of bottom-up and top-down
factors as well as spatial biases.
Based on these three mechanisms – bottom-up, top-down and spatial biases – guiding visual behavior, [14] first revealed a method to
highlight salient points in static image scenes. Whereas this model
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was purely conceptual, [15] later developed an actual implementation of salience maps. This was the first prominent proposal of
topographically organized features maps that guide visual attention.
Salience maps describe these topographic representations of an image scene, revealing where people will most likely look at while observing the respective scene [16, 17]. That is, salience maps can be
interpreted as a prediction of the distribution of eye movements on
images. Usually, salience maps include only bottom-up image features, predicting eye fixations on image regions with primary contrasts in color changes, saturation, luminance or brightness among
others [16, 17]. However, in their first implementation, [15] also
tried to include top-down factors to build up salience maps and thus
predict where people will look at most likely in image scenes. Current state-of-the-art computational salience models are artificial neural networks pre-trained on large data sets for visual object recognition and subsequently tuned to predict fixations, as is the case of
Deep Gaze II [55]. Such models do not rely only on bottom-up features any more, but also incorporate higher-level features learned
on object recognition tasks. Still, despite the better performance on
salience benchmarks, deep nets-based models seem to fail at predicting the salience driven by low-level features [56].
Salience maps provide a highly accurate and robust method to predict human eye movement behavior on static images, by relying on
local features to determine which parts of an image are most salient
[15, 16, 17, 11]. However, these methods do not provide any information about the salience of the image as whole, which may depend
on both local properties and also the overall semantic and contextual
information of the image. Such global salience is of great relevance
when an observer is faced with two or more independent visual stimuli in one context. These combinations describe situations when sev-
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eral stimuli compete with each other with regard to their individual
semantic content, despite being in the same overall context. Such
cases appear frequently in real life, for instance when two billboards
hang next to each other in a mall, when several windows are open
on a computer screen, or a monitor on intensive care unit, to name
a few examples. Thus, by placing two or more independent image
contexts side by side, as described in the previous examples, classical salience maps may well predict eye movement behavior within
each of the individual images as a closed system, but they will most
likely fail to predict visual behavior across the whole scene involving all images. Specifically, they will fail at answering the question:
which stimulus is most likely to attract the observers’ visual attention?
In this study, our primary hypothesis is (H1) that it is possible to
measure and calculate the global salience of natural images. That
is, the likelihood of a visual stimulus to attract the first fixation of a
human observer, when it is presented in competition alongside another stimulus, can be systematically modelled. In the experiment
presented here, participants were confronted with stimuli containing
two individual natural images – one on the left and one on the right
side of the screen – at the same time. The set of images used to build
our stimuli consisted of urban, indoor and nature scenes, close-ups
of human faces and scenes with people in a social context. During the observation of the image pairs, we recorded the participants’
eye movements. Specifically, to characterize the global salience we
were interested in the direction – left or right – of the initial saccade
the participant made after the stimulus onset. For further analysis,
we also collected all binary saccade decisions on all the image pairs
presented to the participants. We used the behavioral data collected
from the participants to train a logistic regression model that suc-
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cessfully predicts the location of the first fixation for a given pair
of images. This allowed us to use the coefficients of the model to
characterize the likelihood of each image to attract the first fixation,
relative to the other images in the set. In general, images that were
fixated more often are ranked higher than other images. Hence, we
computed a unique “attraction score” for each image, that we denote “global salience”, which depends on the individual contextual
information of the image as a whole.
We also analyzed the local salience properties of the individual
images and compared it to the global salience. We hereby claimed
that the global salience cannot be explained by the feature-driven
salience maps. Formally, we hypothesize that (H2): Natural images
have a specific global salience, independent of their local salience
properties, that characterizes their likelihood to attract the first fixation of human observers, when presented alongside another competing stimulus. A larger global salience leads to a higher attraction of
initial eye movements.
In order to properly calculate the global salience, we accounted for
general effects of visual behavior in stimuli with two paired images.
Previous studies have shown that humans tend to exhibit a left bias
in scanning visual stimuli. Barton et al. [57] showed that subjects
looking at faces fixated longer the eye on their left side, even if the
faces were inverted, and the effect was later confirmed and extende
to dogs and monkeys [57, 58]. For an extensive review about spatial
biases see the work by [48], where the authors presented evidence of
a marked initial left bias in right-handers, but not in left-handers, regardless of their habiatual reading direction. In sum, there is a large
body of evidence of lateral assymetry in viewing behavior, although
the specific sources are yet to be fully confirmed. With respect to
our study, we hypothesize that (H3): Presenting images in horizon-
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tal pairs leads to a general spatial bias in favor of the image on the
left side.
In addition to the general left bias, in half of the trials of the experimental sessions, one of the images had been already seen by
the participant in a previous trial, while the other was new. The
participants also had to indicate which of the images was new or
old. Thus, we also addressed the questions of whether the familiarity with one of the images or the task have any effect in the visual
behaviour and thus in the global salience of the images. Do images that show the task-relevant scene attract more initial saccades?
Likewise, are novel images more likely to attract the first fixation?
This challenge sheds some light on central-peripheral interaction in
visual processing. Guo & Kun [59], for instance, showed that during face-processing, humans indeed rely on top-down information in
scanning images. However, [60] proposed that young adults usually
rely on bottom-up rather than top-down information during visual
search. In this regard we thus hypothesize that (H4): Task-relevance
and familiarity of images will not lead to higher probability of being fixated first. In order to account for any spatial bias effects that
could influence the global salience model, we added coefficients to
the logistic regression algorithm that could potentially capture any
lateral, familiarity and bias effects. This not only makes the model
more accurate, but allows us to analyze the influence of these effects. Furthermore, the location of the images in the experiments
was randomized across trials and participants.
Finally, in order to better understand the properties of the global
salience of competing stimuli, we also analyzed the exploration time
of each image. In this regard, we hypothesize the following (H5):
Images with larger global salience will be explored longer than images with low global salience.
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Methods
Experimental Setup

The present study was conducted in the Neurobiopsychology lab at
the Institute of Cognitive Science of the University of Osnabrück,
Germany. The experimental methods were approved by the Ethical Committee of the University of Osnabrück, Germany, and performed in accordance with the guidelines of the German Psychological Society. All participants gave written consent to participate in
this study.
Participants

Forty-nine healthy participants (33 females, mean age = 22.39 years,
SD = 3.63) with normal or corrected-to-normal vision took part in
this study. All participants were instructed to freely observe the
stimuli on the screen. In part of the measurements, they had to indicate after the trial the old or new image of a pair as further described
below.
Apparatuses

We presented the stimuli on a 32” widescreen Samsung monitor
(Apple, California, USA) with a native resolution of 3840 × 2160
pixels. For eye movement recordings, we used a stationary Eye Link
1000 eye tracker (SR Research Ltd.) providing binocular recordings
with one head camera and two eye cameras with sampling rate of
500 Hz.
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Participants were seated in a darkened room at a distance of 80
cm from the monitor, resulting in 80.4 pixels per visual degree in
the center of the monitor. We did not fixate the participant’s head
with a headrest but verbally instructed the participants not to make
head movements during the experiment. This facilitated comfortable conditions for the participants. However, eye tracker constantly
recorded four edge markers on the screen with the head camera, in
order to correct for small head movements. This guaranteed stable
gaze recordings based on eye movements, independent of residual
involuntary head movements.
The eye tracker measured binocular eye movements. For calibration of the eye tracking camera, each participant had to fixate on
13 black circles (size 0.5°) that appeared consecutively at different
screen locations. The calibration was validated afterwards by calculating the drift error for each point. The calibration was repeated
until the system reached an average accuracy of < 0.5° for both eyes
of the participant.
Stimuli

The images set consisted of 200 images, of which 197 were natural
photographs and 3 were randomly generated pink noise images. Altogether, the stimulus set was divided into 6 categories, according to
the image content: human faces, urban scenes, natural landscapes,
indoor scenes, social activities and pink noise. All the photographs
were obtained from either the internal image database of the Neurobiopsychology laboratory at the University of Osnabrück, Germany
or the NimStim database. Each image was scaled to a resolution of
1800 × 1440 pixels. Some examples are shown in Figure 2.1a.
Each trial consisted of one stimulus with a resolution of 3840 ×
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2160 pixels, matching the full-size screen resolution of the display
monitor (32” diagonal; 47.8° × 26.9°). Within each presented stimulus, two images were randomly paired that is, one image was shown
on the left screen side and the other image on the right screen side.
Between both images, each stimulus contained a central gap of 240
pixels, as illustrated by Figure 2.1b. The background area of the
stimuli was set to middle gray.

(b) The stimulus at one trial
(a) Four images from the set

(c) Procedure in blocks 1 and 4, where
no task was given

(d) Procedure in blocks 2 and 3, where participants had to perform a simple task after the
stimulus offset

Figure 2.1: Experimental setup
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Procedure

The experiment consisted of 200 trials divided into four blocks, at
the beginning of which the eye-tracking system was re-calibrated.
The blocks were designed such that each had a different combination
of task and image novelty:
• Block 1 consisted of 25 trials formed by 50 distinct, novel images (new/new). This block was task-free, that is participants
were guided to freely observe the stimuli (Figure 2.1c).
• Block 2 consisted of 75 trials, each formed by one new image
and one of the previously seen images. (new/old or old/new).
In this block, the participants were guided to freely observe the
stimuli and, additionally, they were asked to indicate the new
image of the pair after the stimulus offset (Figure 2.1d).
• Block 3 consisted of 75 trials, each formed by one new image
and one of the previously seen images. (new/old or old/new).
In this block, the participants were asked to indicate the old
image of the pair.
• Block 4 consisted of 25 trials formed by 50 previously seen
images (old/old). Like block 1, this block was also task-free.
The decision in blocks 2 and 3 was indicated by either pressing the
left (task-relevant image is on the left side) or right (task relevantimage is on the right side) arrow button on a computer keyboard.
The image pairs were formed by randomly sampling from the set
of 200 images, but some constraints were set in order to satisfy the
characteristics of each block and keep a balance in the number of
times each image was seen by the participant. The sampling process was as follows: In block 1, 50 images were randomly sampled
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to form the 25 pairs. In blocks 2 and 3, in order to construct the
new/old and old/new pairs, the new image was randomly sampled
from the set of remaining unseen images and the old image was
randomly sampled of previously seen images, with two additional
constraints: it must have been chosen only one time before and not
in the previous 5 trials. Finally, in block 4, a set of exactly 50 images which had been shown only once remained. These were used
to randomly sample the remaining 25 trials. In all blocks, after sampling the two images, the left/right configuration was also randomly
chosen with probability 0.5.
The sampling process was different for each participant, that is
they saw different pairs from the set of 40,000 different pairs and in
different order. However, note that each participant saw each image
exactly twice, therefore the frequency of presentation of the images
was balanced across the whole experiment.
In all cases, the presentation time for each stimulus was 3 seconds
and it was always preceded by a blank, gray screen with a white,
central fixation dot. The stimulus was displayed only after the participant fixated the central dot.
The majority of our analyses focused on the first fixation. As a preprocessing stage, we discarded the fixations 1) due to anticipatory
saccades, 2) shorter than 50 ms or longer than µdur +2σdur ms, where
µdur = 198 ms and σdur = 90 ms are the mean and standard deviation
of all fixation durations, respectively, and 3) located outside any of
the two images. The discarded fixations were less than 4 % of the
total.
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Computation of global salience

In order to characterize the global salience of competing stimuli, we
trained a logistic regression model with the behavioral data from the
eye-tracking experiments. Provided that the model can accurately
predict the location of the first fixation – left or right – the coefficients for each image will represent the likelihood of the image to
attract the first fixation and this, in turn, can then be interpreted as
the global image salience. The intuition is that images that are more
often the target of the first fixation after the stimulus onset have a
higher global salience, and vice versa.
Logistic regression for pairwise estimates

Typically, logistic regression is used in binary classification problems, as is this case where the initial fixation after stimulus onset can
land either on the left (y = −1) or on the right (y = 1) image. The
classifier simply estimates a probability hw (x) for the binary event
on the linear hypothesis wT x by applying a logistic function:
T

ew x
1
=
hw (x) =
1 + e−wT x 1 + ewT x

(2.1)

where x is a vector that represents the independent or explanatory
variables (features) and w the coefficients to be learned. Thus, the
likelihood of the binary outcome given the data is the following:



hw (x)
P(y|x) = 

1 − hw (x)

if y = 1

T

eyw x
=
T
if y = −1 1 + eyw x
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The coefficients are then optimized by minimizing the negative
log-likelihood −log(P(y|x)) through gradient descent. Typically, a
regularization penalty is added on the coefficients, controlled by the
parameter C (inverse of the regularization strength). In our case,
we applied L2 regularization and therefore the algorithm solves the
following optimization problem, given a set of N training data points
(trials):
N

X
1 T
T
log(1 + e−yi w xi )
min w w + C
w 2
i=1

(2.2)

The optimization problem was solved through the LIBLINEAR
algorithm [61], available in the scikit-learn Python toolbox.
In our particular case, for every trial i (stimulus pair seen by a
participant), each feature xi j corresponded to one image j and only
two images were shown at each trial. Therefore, we were interested
in modeling the probability that one image u receives the first fixation when presented next to another image v; hence p(u > v). This
simplifies the standard logistic regression model to a special case
for pairwise probability estimates, known as the Bradley-Terry-Luce
(BTL) model [62, 63], where the probability hw is the following:
ewu
ewu −wv
hw (u, v) = p(u > v) = w
=
e u + ewv 1 + ewu −wv

(2.3)

where wu and wv are the coefficients of image u and v. This is
a special case of the function in Equation 2.1, where all the elements in the feature vector x are zero except for the two paired
features xu and xv , which are set to 1 and -1 respectively. Note
that in the BTL model the coefficients still refer to the whole set
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of features and therefore are described by an M-dimensional vector
w = {w1 , w2 , ..., w M }, where in our case M = 200, the total number of
images in the set. After training the model, each learned coefficient
w j will be related to the average likelihood of image j of receiving
the first fixation when presented next to other images from the set.
As stated above, we interpret these coefficients w as a measure of
the global image salience.
In order to estimate the coefficients w, the logistic regression model
was trained on the data set arranged into a design matrix X of the following form:
 (1) (1)
 x1 x2
 (2) (2)
x2
x
X =  1..
..
 .
.
 (N) (N)
x1 x2



. . . x(1)
M 


. . . x(2)
M 
. . . ... 


(N) 
. . . xM

(2.4)

where each row represents one measured data point, that is one
trial where one participant was presented a pair of images u and v
(the total number of trials was in our case N = 49 participants ×
200 trials per participant = 9800) and where the columns represent
the values of the different features (images) that were tested (M =
200). According to Equation 2.3, if image u is presented on the right
and image v is presented on the left at trial i, then xu(i) = 1, xv(i) = −1
and x(i)
j = 0, ∀ j , u, v. Finally, the outcome of each trial is given as
a vector y:
 (1) 
 y 
 (2) 
y 
y =  .. 
 . 
 (N) 
y
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such that y(i) = 1 if the right image was fixated first, and y(i) = −1
if the left image was fixated first at trial i.
Task, familiarity and lateral bias

Not only were we interested in modeling the likelihood of every
image of receiving the first fixation, but also the contribution of other
aspects of the experiment, namely the effect of having to perform a
small task when observing the pair of images and the familiarity
with one of the two images. More specifically, we were interested
in answering the following questions: Do light task demands, such
as having to determine which image is new or old, influence the
direction of the first saccade? And, are unseen stimuli more likely
to receive the initial saccade than previously observed stimuli when
presented together, or vice versa?
We addressed these questions by adding new features to the model
that capture these characteristics of the experimental setup. These
features were assigned coefficients that, after training, will indicate
the magnitude of the contributions of the effects. In particular, we
added the following features columns to every row i of the design
matrix:
• t(i) : 1 if the target of the task (select new/old image) was on the
right at trial i, -1 image if on the left, 0 if no task.
• f (i) : 1 if at trial i, the image on the right had been already shown
at a previous trial (familiar), while the image on the left was
still unseen; -1 if the familiar image was on the left; 0 if both
images were new or familiar.
Not only did these new features enable new elements for the analysis, but also added more representational power to the model, which
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could potentially learn better coefficients to describe the global salience
of each image. In this line, we added one more feature to the model
to capture one important aspect of visual exploration: the lateral
bias. Although a single intercept term in the argument of the logistic function (wT x + b) would capture most of the lateral bias, since
the outcome y describes exactly the lateral direction, left or right, of
the first saccade, we instead added subject-specific features to model
the fact that the trials were generated by different subjects with an
individual lateral bias. This was done by adding K = 49 (number
of participants) features s(i)
k , with value 1 if the trial i was performed
by subject k and 0 otherwise. Altogether, the final design matrix X 0
extends the design matrix X defined in Equation 2.4 as follows:
 (1)
 x1
 (2)
x
0
X =  1..
 .
 (N)
x1

t(1) f (1) s(1)
. . . x(1)
M
1
(2)
(2)
(2)
t
f
s
. . . x(2)
M
1
..
..
..
. . . ...
.
.
.
(N) (N)
(N)
. . . xM t
f (N) s1



. . . s(1)
K 


. . . s(2)
K 
.
. . . .. 


(N) 
. . . sK

(2.5)

Note that the leftmost block of X 0 is identical to X (defined in
Equation 2.4). While the shape of X is 9800×200, X 0 is a 9800×251
matrix, since 200 + 1 + 1 + 49 = 251.
Validation and evaluation of the model

In order to ensure the successful training of the model, we carried
out a 5-fold cross-validation of the regularization parameter C of the
model, described in Equation 2.2. That is, we split our data set into 5
different folds of 39 subjects for training and 10 for validation (7,800
and 2,000 trials, respectively) and evaluated the performance with 10
different values of C, according to the following search space:
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C = 10 p

2
with p = −3 + (n − 1)
3

and n = 1, ..., 10

The value that provided the best average performance across the
folds was selected.
In order to reliably assess the model performance while taking the
most out of the data set, we embeded the cross-validated model into
a leave-2-participants-out cross-evaluation. That is, we constructed
25 different folds of data, each with the trials of 23 participants for
training and of 2 participants for evaluation. We report here the
average performance across the 25 test and train partitions together
with the standard deviation (within brackets). In particular, in Table
2.1 we include the area under the curve (AUC), the Tjur1 coefficient
of discrimination R2 and the accuracy. For the sake of an easier
interpretation, we include the theoretical baseline values of the AUC
and R2 , and the empirical baseline accuracy on our test partitions.
Table 2.1: Test, train and baseline performance of the logistic regression model.
Values within brackets indicate the standard deviation across the folds.
AUC

Tjur R2

Accuracy

Test 0.8884 (0.0180) 0.4287 (0.0460) 81.36 % (0.32)
Train 0.8865 (0.0040) 0.4240 (0.0214) 81.99 % (1.52)
Random baseline
0.5
0.0
60.70 % (2.32)

The results in Table 2.1 show that the logistic regression model
successfully learned the behavioral patterns from the experimental
data and hence accurately predicted the direction of the first saccade,
1

While there is no consensus about the best metric for the evaluation of logistic regression, the
coefficient of discrimination R2 proposed by [64] has been widely adopted recently, as it is more
intuitive than other definitions of coefficients of determination and still asymptotically related to
them.
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with very low overfitting, since train and test performance were very
similar and have low variance. As a conclusion, this implies that the
learned coefficients can be meaningfully used for further analysis,
as will be presented in Section 2.4.
2.3.4

Salience maps of competing stimuli

In order to test whether the global salience is independent from the
lower-level, salience properties of the stimuli (H2), we also computed salience maps both of each individual image and of each full
stimulus shown at each trial, that is the pair of images with gray
background, as shown in Figure 2.1b. For the computation of the
salience maps we used the Graph-Based Visual Salience algorithm
(GBVS), which is a computational salience model that makes use of
well-defined low-level features.
Moreover, we also analyzed the connection between global salience
and a less restricted salience model, Deep Gaze II [55], whose features include higher level cues, since it is a deep neural network
model pre-trained for large scale, image object recognition tasks,
with additional features optimized for salience prediction.
In order to compare the salience maps with the behavioral data
from the observation of competing stimuli, as well as with our derived global salience, we performed the following tests:
Predictivity of local salience for the first fixation

In this case, our aim was to evaluate the performance of salience
maps in predicting the landing location of the first fixation when
two competing stimuli are presented. To do so, we computed the
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Kullback-Leibler Divergence between the first fixation distribution
F j (b) and the salience distribution S j (b) for every image j in the set
of 200 images:
DKL (F j ||S j ) =

B
X

F j (b) log(

b=1

F j (b)
+ )
S j (b) + 

(2.6)

where  is a small constant to ensure numerical stability and b
refers to B bins of one 1 × 1 degrees of visual field angle.
The first fixation distribution, F j (b), is the probability density distribution of all the first fixations made by all observers on each image j. To compute F j (b), we divided every image in sections of one
squared visual field angle and counted the number of first fixations
made by all participants on each bin to obtain a histogram. Then,
the histogram was smoothed using a Gaussian kernel with a size of
one degree of visual field angle and normalized such that it became
a probability distribution. The salience distribution, S j (b), is the
smoothed and normalized (likewise) salience map (computed with
GBVS or Deep Gaze II) of each individual image j.
Hence, according to the definition in Equation 2.6, a low DKL (F j ||S j )
would imply a good match between the location of the first fixations
and the salience map of image j.
Comparison between global and local salience

In order to compare the local salience maps and the global salience
scores learned by the computational model presented in Section 2.3.3,
we analyzed the GBVS and Deep Gaze salience maps of both the
individual images and the whole stimuli, in relation to the global
salience scores.
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Individual images
First, we compared the Kullback-Leibler Divergence between the
first fixations distribution and the salience maps of the individual
images, as computed in Equation 2.6, and the global salience scores,
that is the coefficients learned by the optimization defined in Equation 2.2. This aimed at analyzing whether, for instance, images
whose local salience properties indeed drove the location of the first
fixation have a higher global salience score, and vice versa.
Trials
Second, we looked at the properties of the salience map of the final
stimulus seen by the participants at each trial, that is the paired competing images with a gray background (see Figure 2.1b). As a metric
of the contribution of each image to the salience map, for each trial
i we computed the relative salience mass M of each image, left and
right:
MiL =

R
x∈XL

S i (x)

MiR =

R
x∈XR

S i (x)

where S i (x) is the normalized salience map of the whole stimulus
presented at trial i and XL and XR are the stimulus locations corresponding to the left and right images, respectively. A significant
R
L
positive correlation between ∆(i)
M = Mi − Mi and the difference between the global salience scores of the images on the left and right,
(i)
(i)
= w(i)
∆GS
L − wR , would indicate that the local salience properties
can partly explain the direction of the first fixation.

2.4

Results

In this section, we present the main results of our analyses and discuss the validity of the hypotheses presented in the Introduction.
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Each of the sub-sections focuses on one of the five hypotheses, in
the natural order.

2.4.1

Global visual salience

In our first hypothesis (H1), we stated that images can be ranked
according to a specific global salience that leads to the attraction of
initial eye fixations. In order to quantify the global salience of individual images, we have presented in Section 2.3.3 a computational
model that successfully predicts the direction of the first fixation
from the behavioral data, as validated by the results in Section 2.3.3,
and thus we can analyze the coefficients of the model as indicators
of the global salience of each image in the data set.
Importantly, the fact that the first fixation direction of the participants when exploring such competitive stimuli can be predicted by
a computational model means that their behaviour was not random,
but followed certain patterns. In order to shed some light on the
nature of these patterns, in Figure 2.2a we show the complete set
of stimuli ranked according the global salience score learned by our
model and in Figure 2.2b the value of the global salience scores of
each image, highlighting the differences between the image categories.
Figure 2.2 shows that there exists a clear, general tendency to first
fixate on the images that contain either close-up faces or scenes with
humans, even though the first fixations may occur, on average, as
early as after 242 ms (σS D = 66 ms) from the stimulus onset. These
two categories, faces and humans, were assigned the highest global
salience scores. Then, urban, indoor and natural landscapes obtained
significantly lower scores, with no big differences among the three
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(a) Experimental stimuli, ranked according to the learned global salience. The stimulus
with the highest global salience score is on the top-left corner and the rest are sorted with
the x-axis changing fastest (row-major order).

(b) Global salience score of each stimulus and image categories.

Figure 2.2: Global salience scores of the experimental stimuli

42

Global visual salience of competing stimuli

categories. Finally, the three pink-noise images were assigned very
low scores, which serves as sanity-check of our proposed method.

2.4.2

Global vs. local salience

A reasonable question in view of the results presented in Figure 2.2
is whether the global salience scores – and the ranking of the stimuli
that arises from the scores – is a unique measure that assesses the initial visual behavior when facing competing stimuli, or whether this
behaviour and thus our proposed global salience can be explained
by the low-level properties of the respective stimuli.
In our second hypothesis (H2) we stated, instead, that the global
salience is independent from the low-level local salience properties.
So as to test this, we performed several tests, described in Section 2.3.4.
In Figure 2.3 we plot the distribution of the Kullback-Leibler Divergence between the first fixations maps and the GBVS local salience
maps of the individual images (see Equation 2.6). The mean of the
distribution is significantly non-zero (two-tail t-test p-value < .001,
µKLD = 1.44, σKLD = 0.33), which means that there is a significant loss of information when using a local salience map to predict
the landing locations of the first fixations on a given image [65]. In
order to illustrate the mismatch, in Figure 2.3 we display three example images with the overlaid salience maps and the location of
all the first fixations that landed on them. When the KLD value is
minimum (a), the salience maps can approximate the fixations, although this happened rarely. Already with KLD values around the
mean, the performance of a salience map in predicting the landing
location of fixations is rather mediocre (b) and deteriorates further
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as the KLD increases (c).
Perhaps not surprisingly, in view of the poor match between the
salience maps and the first fixation maps, Figure 2.4a shows that the
Kullback-Leibler Divergence between them does not correlate with
the global salience scores. This means that the images which attract
the first fixations towards salient regions (low KLD) do not tend to
have high global salience scores neither vice versa.
Finally, we analyze in Figure 2.5 whether the direction of the first
fixation when looking at competing stimuli, as modeled by our proposed global salience scores, can be explained by the difference in
the low-level salience properties of the competing stimuli, as measured by the GBVS salience mass of each image (see Section 2.3.4).
Also in this case we found no significant correlation.
The noisy images included in the stimulus set serve once more as
a validation of the expected results. When one of the images (left
or right) was pink noise the difference in GBVS salience mass was
either very high or very low, as is the difference in global salience
scores. In this case both metrics do correlate, but as shown by the
central scatter plot of Figure 2.5, the feature-driven (GBVS) salience
mass cannot explain the global salience scores learned by the model.
In order to better understand what drives the direction of the first
fixation when faced with competing stimuli, we also compared our
proposed global salience with properties of Deep Gaze II salience
maps. As presented in Section 2.3.4, unlike GBVS, Deep Gaze
does make use of higher-level information of the images to predict
the salience maps, since it is a DNN pre-trained on image object
recognition tasks. This allows it to model salience driven by faces
or objects [56] and it becomes an interesting model to which compare our global salience model, since we have seen in Section 2.4.1
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(a) DKL (F||S ) = 0.57

(b) DKL (F||S ) = 1.44

(c) DKL (F||S ) = 3.19

Figure 2.3: Top row: distribution of the Kullback-Leibler Divergence between
the first fixations map and the GBVS local salience maps. Bottom row: images
with the minimum, closest to the mean and maximum KLD, with their overlaid
salience map and the location of the first fixations.
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(a) GBVS

(b) Deep Gaze

Figure 2.4: Comparison between the global salience scores the KLD between the
first fixation distribution and the salience maps from the computational models

Figure 2.5: Correlation between the GBVS image salience mass and the global
salience scores.
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that images containing faces and humans tend to get a higher global
salience score.
In general, we observe that unlike GBVS, measures derived from
Deep Gaze salience maps exhibit a non-zero, yet moderate correlation with our proposed global salience. For instance, Figure 2.4b
shows a slight negative correlation between global salience scores
and the KLD between first fixation distributions and Deep Gaze
salience maps. However, looking at the distribution of the KullbackLeibler divergence in Figure 2.6, we see that the salience maps are
also far from matching the location of the first fixations on the images. Finally, we also observed (see Figure 2.7 a non-zero correlation between the difference of global salience scores between the left
and the right image, and the difference in salience mass computed
with Deep Gaze.
Taken together, we can conclude that our proposed computational
model provided a robust method to rank images according to a unique
global image salience that is independent of the low-level local salience
properties of the stimuli, and we observed a non-zero, yet moderate
correlation with a computational salience model that incorporates
higher-level cues.

2.4.3

Lateral bias

Our third hypothesis (H3) stated that a general spatial bias leads to a
higher likelihood to first fixate on the left rather than the right image.
We thus calculated the number of first saccades that landed onto the
left and the right image for each block separately (Figure 2.8). A 4
× 2 (block: 1, 2, 3, 4 × image side: left, right) repeated measures
ANOVA (Greenhouse-Geisser corrected) revealed a general spatial

2.4 Results

(a) DKL (F||S ) = 0.57

47

(b) DKL (F||S ) = 1.44

(c) DKL (F||S ) = 3.19

Figure 2.6: Top row: distribution of the Kullback-Leibler Divergence between the
first fixations map and the Deep Gaze local salience maps. Bottom row: images
with the minimum, closest to the mean and maximum KLD, with their overlaid
salience map and the location of the first fixations.
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Figure 2.7: Correlation between the Deep Gaze image salience mass and the
global salience scores.
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Figure 2.8: Percentage of first saccades that targeted on the left (red) and right
(blue) images, at each block of the experimental session. Error bars depict the
standard deviation of the mean. Note that considerably more first fixations landed
on the left image, highlighting the lateral bias.

bias of the initial saccade towards the left image as indicated by
a significant main effect according to the image side [F(1, 48) =
30.833; p < .001; η2p = .391]. No further effects were found [all F
≤ 2.594; all p ≥.074, all η2p ≤ .051], showing that the left bias was
present in all blocks with similar extent. Thus, we can conclude that
the participants generally targeted their initial saccades more on left
than right sided images.
Nonetheless, the error bars in Figure 2.8 suggest a high variability
of the lateral bias across subjects. In order to investigate this, we
calculated the number of first saccades on the right image for each
participant separately. Moreover, since our model included an individual bias term for each participant, as described in Section 2.3.3,
we can also look at the magnitude of the coefficients learned by the
model. In Figure 2.9 we plot, for each participant, the percentage of
first saccades towards the right image and their corresponding lateral bias term learned by the computational model. Both metrics are
highly correlated – further highlighting the validity of the model –
and reveal a high variability in the lateral bias across participants.
Overall, 63 % of all first fixations landed on the left image.
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Figure 2.9: Lateral bias of each participant, as measured by the percentage of first
fixations onto the right image and the lateral bias terms learned by our computational model. Both metrics are highly correlated and reveal the the average left
bias, but with high variability across participants.

2.4.4

Task and familiarity

Next, we investigated the effect of the familiarity with one of the images and of the task of selecting the already seen or unseen image,
which the participants had to perform in blocks 2 and 3 of the experiment, respectively. In particular, we were interested in finding out
whether there is a tendency to direct the initial saccade towards the
task-relevant images or towards the new images, for instance. In our
fourth hypothesis (H4) we stated that our task and familiarity should
have little or no influence in the initial saccade. For that purpose,
we first performed a 2 × 2 (task: select new, select old × fixated
image: new image, old image) repeated measures ANOVA analysis
(Greenhouse-Geisser corrected). The results revealed no significant
effects [all F ≤ 1.936; all p ≥ .170, all η2p ≤ .039] (Figure 2.10).
Thus, the provided tasks did not bias the initial saccade decision to
target one of the two presented images. Nevertheless, we found that
participants correctly identified 91.43% of the new images in block
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Figure 2.10: Percentage of first saccades that targeted on the new (purple) and old
(green) images, at blocks 2 and 3, where participants had the task of indicating
the new and old image, respectively. Error bars depict the standard deviation of
the mean. No significant bias can be appreciated in this case.

2 and 91.16% of the old images in block 3. Hence, the task performance was highly above chance (50%) and the participants were
accurate in identifying the new and old images respectively.
Also in this case, the same conclusion can be extracted from the
coefficients learned by the model to capture the task and familiarity
effects, which are -0.04 and -0.10, respectively, that is, very small
and only slightly higher for the familiarity.
Taken together, spatial properties influenced the initial saccade in
favor to fixate left sided images first. Although task performance
was very high, neither the task nor the familiarity with one of the
images had an influence in the direction of the first fixation after
stimulus onset. These results fully support our third and fourth hypotheses.
2.4.5

Total Exploration of Images

In our fifth hypothesis (H5), we stated that images with higher global
image salience lead to a longer exploration time than images with
lower global salience. We thus calculated the relative dwell time on
each image, left and right, for each trial. As an initial step, similarly
to the analysis of the initial saccade, we analyzed the potential effect of the spatial image location as well as the task and familiarity
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relevance on the exploration time.
With respect to the spatial image location, a 4 × 2 (block: 1, 2, 3, 4
× image side: left, right) repeated measures ANOVA (GreenhouseGeisser corrected) revealed a significant main effect according to
the block [F(2.368, 113.668) = 12.066; p < .001; η2p = .201] but no
further effects [all F ≤ 2.232; all p ≥.109, all η2p ≤ .044]. Thus, the
total time of exploration did not depend on the spatial location of the
images, as also shown in Figure 2.11.
With respect to the task relevance (recall: block 2 - select new image; block 3 - select old image), we calculated a 2 × 2 (task: select
new, select old × fixated image: new image, old image) repeated
measures ANOVA (Greenhouse-Geisser corrected). The results revealed a significant main effect according to the task [F(1, 48) =
4.298; p < .050; η2p = .082] and fixated image [F(1, 48) = 64.524; p
< .001; η2p = .573], as well as an interaction between task and fixated
image [F(1, 48) = 36.728; p < .001; η2p = .433]. As shown by Figure 2.12, our results showed that, in general, participants tended to
spend more time exploring new instead of previously seen images.
Furthermore, this effect was noticeably larger in block 2, where the
task was to select the new images, than in block 3 (select old image).
Consequently, we found that the spatial location of images did not
affect the total time of exploration. Instead, the task and familiarity
had a considerable impact on the exploration time, revealing that
new images were explored during a longer time than the counterpart.
For our main analysis regarding the interaction between exploration time and global image salience, we then contrasted the global
salience score learned for each image with its respective dwell time
averaged over all trials and subjects. The results revealed a significant positive correlation, indicating that images with larger global
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Figure 2.11: Exploration as measured by the relative dwell time on the left (red)
and right (blue) images, at each block of the experimental session. Error bars
depict the standard deviation of the mean.

Figure 2.12: Exploration as measured by the relative dwell time on the new (purple) and old (green) images, at blocks 2 and 3, where participants had the task
of indicating the new and old image, respectively. Error bars depict the standard
deviation of the mean.

image salience led to a more intense exploration (figure 2.13). Thus,
global image salience describes not only a measure of which image
attracts initial eye movements, but is also connected to longer exploration time, suggesting that global salience may describe the relative
engagement of images.
Taken together, our results suggest that the task and familiarity
(but not the spatial location of images) influenced the exploration
time with respect to higher dwell times on unseen images in combination with the task to select the new image. Note, however, that
regarding the effects of task our findings are restricted to the specific
task assigned in our experiments, that is selecting which image is
new or old. The effects of task in visual attention is an active field
in visual perception and the results of multiple contributions should
be taken together into consideration to draw robust conclusions. Fi-
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Figure 2.13: Dwell time vs. global salience scores

nally, we also found that images with higher global salience correspondingly led to a larger time of exploration. These results fully
support our fifth hypothesis.

2.5

Discussion

We have presented a computational model trained on the saccadic
behavior of participants freely looking at pairs of competing stimuli,
which is able to learn a robust score for each image, related to its
likelihood of attracting the first fixation. This fully supports our first
hypothesis and we refer to this property of natural images as the
global visual salience.
The computational model consists of a logistic regression classifier, trained with the behavioural data of 49 participants who were
presented 200 pairs of images. In order to reliably assess the performance of the model, we carried out a careful 25-fold cross-evaluation,
with disjoint sets of participants for training, validating and testing.
Given a pair of images from the set of 200, the model predicted the
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direction of the first saccade with 82 % accuracy and 0.88 area under
the ROC curve.
Throughout the paper, we have analyzed the general lateral bias
towards the left image (H2), as well as other possible influences
such as the familiarity with one of the images and the effect of a
simple task (H3). Moreover, we have analyzed the relationship of
our proposed global salience with the local salience properties of
the individual images (H4). Finally, we have also studied the total exploration time of each image in the eye-tracking experiment
and compared it to the global salience, which is based upon the first
fixation (H5).
Regarding the lateral bias, we found that participants tended to
look more frequently towards the image on the left. Such left bias
is typical in visual behavior and has been found in many previous
studies [57, 58, 66, 48]. However, most of these studies presented
only single images per stimulus. In this regard, it has been argued
that cultural factors of the Western population who mostly take part
in the research experiments may lead to a semantic processing of
natural visual stimuli similar to the reading direction, that is from
left to right [67, 68].
In our study, about 63 % of the first fixations landed on the left
image. However, we also observed a high variability across participants, successfully captured by our computational model. In contrast, we showed that the given task in certain trials did not influence
initial saccade behavior. Participants equally distributed the target
location of saccades on the presented images, regardless of familiarity and task relevance. Consequently, the spatial location of an
image affected saccade behavior, whereas the task as well as familiarity had no influence.
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Importantly, we found that that global salience, that is the likelihood of an image attracting the first fixation when presented next another competing image, is independent of the low-level local salience
properties of the respective images. The location of the first fixations made by the participants in the study did not correlate with the
GBVS salience maps of the images and the saccadic choice – left or
right – was neither explained by the GBVS salience mass difference.
Hence, our results provide some new insights in the understanding of
visual perception of natural images, showing that the global salience
of an image is rather affected by the semantics of the content. For
instance, images involving socially relevant content such as humans
or faces led to higher global salience than images containing purely
indoor, urban or natural scenes.
To gain further insight regarding this aspect, we computed the
salience maps using Deep Gaze II [55], a computational salience
model that is not limited to low-level features, but also makes use
of high-level cues, obtained by pre-training the model with image
object recognition tasks. We repeated the same analyses as with the
GBVS model and we found that metrics derived from Deep Gaze
salience maps did have a non-zero, yet moderate correlation with
our proposed global salience. This, together with previous evidence
about the importance of low- and high-level features in detecting
fixations [56], matches our finding that global salience cannot be
explained by low-level properties of the images. However, the relatively low correlation further suggests that the initial preference for
one of the images does not depend only on properties of the individual salience maps.
According to previous research, initial eye movements in young
adults are based on bottom-up image features, whereas socially relevant content is fixated later in time [60]. Interestingly, as described
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above, we found that this was not the case when two images have
been shown at the same time. Considering the very short reaction
time between stimulus onset and the observers reaction to fixate one
of the two images, it seems surprising that participants had to prescan both images in their peripheral visual field before initializing
the first saccade. Thus, in contrast to classical salience maps, we
might argue that the global salience of an image highly relates to the
semantic and socially relevant content.
In order to further investigate the effects of the global image salience,
we also evaluated the total time of image exploration, that is the
dwell time. We hereby found that, different to the initial saccade,
the spatial location of images did not affect the time participants explored the individual images of each image pair. However, the task
and familiarity had an effect. We saw that in the task where participants had to select the new image, new images were explored longer
than previously seen images. In contrast, the task asking to select
the old image led to an almost equal exploration time on new and
familiar images. Therefore, we conclude that participants in general
tended to explore new images for a slightly longer time. Nevertheless and most importantly, we saw generally – and independent of
the spatial location, task and familiarity – that images with higher
global salience were explored longer in time. Thus, images with
larger global salience did not only attract initial eye movements after stimulus onset, but also led to longer exploration times. These
results support our assumption, that the global salience score of an
image can also be interpreted as a measure of the general attraction
of an image, in comparison to other images.
In spite of the high performance of our computational model and
its potential to assign reliable global salience scores to natural images, an important limitation is that the model and thus the scores
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are dependent on the image set that we used. Whereas local salience
maps rely on image features, our proposed global salience model
relies on the differences between the stimuli and the behavioral differences that they elicit on the participants. We observed significant
differences between image categories, for example humans versus
indoor scenes, but this is only one initial step and future work should
investigate what other factors influence the global image salience.
For example, it would be interesting to train a deep neural network
with a possibly larger set of images and the global salience scores
learned by our model as labels. This could shed more light on what
features make an image more globally salient.
Another related, interesting avenue for future work is investigating the global salience in homogeneous data sets, that is with images of similar content. Our work has shown that large differences
exist between images with somehow different content, for intance
containing humans or not. However, we did not observe significantly difference global salience between natural and urban scenes
(see Figure 2.2b), although significant difference do exist between
specific images. An interesting question is: what makes one image
more likely to attract the first fixation, when presented alongside a
semantically similar image? We think an answer to this question
can be seeked by combining a similar experimental setup as the one
presented in this work, with additional data, and making use of advanced feature analysis, such as deep artificial neural networks, as
mentioned above.
For instance, small changes in the context information of single
images, might already have a dramatic influence on reaction times
in decision tasks [26]. In addition, the global salience was based on
eye movement behavior of human data. Depending on the choice of
participants, e.g. different culture, age, personal interests and emo-
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tions, our model could have revealed different results [69, 70, 71].
Again, further studies might use the model on a wider range of participants, in order to validate the specific global salience and thus
attraction of images.
In contrast, differences in the global salience between participant
groups could be a great advantage in certain research fields. In medical applications for instance, researchers could identify specific diseases, such autistic spectrum disorder (ASD). In such example, our
method could generate a model of the global visual salience of both
control people and individuals with certain condition, and then be
used for diagnosis. Another use case of our model would be marketing research, where the attraction of different images could be
compared adequately based on intuitive visual behavior. Thus, depending on the research question, the global image salience might
provide a new insight in prediction and analysis of visual behavior.

2.6

Conclusion

Previous research has investigated the local salience properties of
single images, which has helped understand visual behavior. However, assigning a single and unique global salience score to an image as a whole has been neglected. Here, we thus trained a logistic
regression model to learn unique, global salience scores for each
tested image. We hereby showed that images can indeed be ranked
according to their global salience, providing a new method to predict eye movement behavior across images with distinct semantic
content. These results could be used in a variety of research, such as
medicine or marketing.

CHAPTER 3

Feeling good, searching the bad: Positive
priming increases attention and memory for
negative stimuli on webpages
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Note: The underlying experimental setup and data recorded in the
study of this chapter was obtained in the scope of the author’s Master’s Thesis. However, this chapter includes a substantial development, as shown by additional analyses and an involvement of a prestudy. Thus, this chapter describes a unique and more elaborated
contribution of the overall study.
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3.1

Abstract

Emotional impacts on attention arises in the form of externally and
internally loaded forms. The former relates to the emotional valence of the sensory stimulus. The latter refers to the emotional
state of the subject. We investigated their influence and interaction.
Seventy-two subjects had been emotionally primed by a sequence
of positive or negative images before they observed webpages of an
online news portal. Each webpage contained positive and negative
emotion-laden stimuli to be recalled in a memory test. We captured
effects on overt attention, saccadic parameters, and explorative behavior. Furthermore, we related memory performance to characteristic gaze behavior. We found an attentional preference and a better
memory performance for negative stimuli that was more pronounced
after a positive mood induction. Importantly, increased attention
correlated positively with recall performance on an individual level,
but only after a positive mood induction. Moreover, the evaluation
of the news-portal’s hedonic quality and overall appeal, but not of
usability, was affected by subjects’ emotional states. We concluded
that in contrast to previously reported mood-congruent preferences
in young adults’ attention, there are complementary effects of internally and externally loaded emotions with the tendency that positive
priming increases attention and memory for negative stimuli.
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Introduction

“What we see and understand about the visual world is tightly tied
to where our eyes are pointed” ([72], p. 219).
Attention bundles our limited cognitive resources to process local
visual details of the environment in more depth than environmental characteristics that are not in the focus of our attention. Although
the attentional focus is not necessarily linked to eye movements (i.e.,
covert attention), gaze-dependent shifts in attention (i.e., overt attention) undoubtedly play a central role in visual processing. Modern
eye-tracking technique makes such overt shifts of attention easy to
measure reliably and unobtrusively, helping us understand what we
are looking at. Two classes of factors that influence gaze behavior
are commonly contrasted. On the one hand, features of the visual
stimulus, such as abrupt onsets [73], unique environmental features
[74], and motion [75, 76], attract attention in a bottom-up way. Image properties such as luminance, orientation, color, and saturation
also correlate with gaze behavior [13], but only a moderate amount
of its variance can be explained by such properties of the stimulus. On the other hand, factors that potentially influence attention
in a top-down manner have gained increasing interest. A fair number of studies demonstrated the influence of objects [51] and tasks
[77, 78, 79] on overt attention. Furthermore, emotions and mood
states influence the spatiotemporal course of overt attention [80].
Correspondingly, Farb, Chapman, and Anderson [81] concluded that
one central function of emotions is sensory gating. However, such
impacts are manifold and sometimes results are contradictory due
to the lack of a uniform conceptual definition of emotional impacts.
Thus, it has been recently proposed (c.f. [40, 53]) to explicitly distinguish between the emotional state of the observer (i.e., the in-
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ternally located impact of emotion) and the effect of the stimulus
valence (i.e., the externally located impact of emotion). This distinction becomes especially important under more ecological viewing conditions. Commonly, we are in a specific emotional or mood
state while scanning the environment. At the same time, the environment offers locations and objects that differ in valence. Such a
scenario can be found in our modern environment when exploring
webpages of online news portals that incorporate negative as well as
positive news. The present study picks up this scenario to investigate
how internally and externally located emotional influences interact
in young adults, whether the effects on attention transfer to memory
of webpage content, and how the recipient’s mood state affect the
summative evaluation of a news portal.

3.2.1

Externally located emotional impact: news valence

A growing body of work suggests that responses to positive and negative information are asymmetric as negative information and events
have a significantly greater impact on learning, judgment formation,
attitudes, and cognitive processing [82, 83]. The strong impact of
negative events on the latter has inter alia shown by Newhagen and
Reeves [84] who found retroactive inhibition of memory for content
that preceded negative scenes but proactive facilitation of memory
after negative scenes. Grühn, Smith, and Baltes [85] also revealed
that negative information receives processing priority in some contexts. Moreover, an analysis of event-related brain potentials revealed that during an evaluative categorization task extreme negative
images produced greater brain activity than equally extreme positive images [86]. Accordingly, there is also evidence for stronger
responses to bad news in contrast to good news in mass media [83],
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supporting the slogan “Bad news is good news” from the perspective of media producers and journalists (e.g. [87, 88]). Given this
asymmetry, we expected the following:
H1a. On average, negative news images attract more overt attention and are visually processed in more depth than positive news
images.
H1b. On average, negative news content is better memorized than
positive news content.
H1c. Attention and memory performance are linked on the individual level in that increased attention also correlates positively
with the amount of memorized content.
3.2.2

Internally located emotional impact: the observer’s emotional
state

According to Fredrickson [89], positive emotions serve to broaden
one’s focus of attention in order to enlarge the momentary thoughtaction repertoire. Empirical studies using artificial stimulus arrays
support this assumption. For example, Rowe, Hirsh, and Anderson [90] found that happy mood versus sad and neutral moods increased the breadth of attention. Wadlinger and Isaacowitz [18] similarly found that positive versus neutral mood broadened attention
to peripheral positive stimuli. However, broadened attention as an
adaptive response to a negative state has also been proposed [91],
and the state of broadened attention is often associated with anxiety [92]. Moreover, a broadened attentional focus - independent of
emotional valence - seem to derive from affective states of low approach motivation, while a narrowed attentional focus results from
affects high in approach motivational intensity [93]. Furthermore,
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Wegener, Petty, and Smith [94] pointed out that contradicting explanations for mood effects on information processing exist: on the one
hand, the cognitive capacity hypothesis proposes that positive affective states make people less able to process incoming information as
positive states would activate a bulk of positive memory processes
that, in turn, occupy attentional capacity. On the other hand, the
hedonic contingency hypothesis predicts that positive mood can be
associated with a more in-depth information processing than neutral and negative mood, making us more attentive to the hedonic
consequences of our actions. Similarly, the feelings-as-information
framework by Schwarz [95] suggests that a positive mood would
reduce the motivation to scrutinize the environment because of an
increased feeling of safety. Hence, there is mixed evidence and conceptual work regarding mood effects on attention. In this context,
two important aspects have to be noted:
First, there is a considerable lack of agreement among researchers
regarding a uniform conceptual definition of emotional impacts. In a
comprehensive literature review, Gray and Watson [96] pointed out
that there seems to be at least the agreement that mood and emotion
“both involve subjectively experienced feeling states; accordingly,
they often have been lumped together under the broader label of
affect” (p. 36). However, while the term emotion is often associated with discrete emotions such as anger or sadness, mood theorists mainly focus on dimensions describing unspecific mood states
such as valence and arousal. Studies on emotion/mood influences on
attention differ in this respect as some addressed specific emotions
while others focused on valence and arousal. We will use the term
mood in the following as we do not focus on distinct emotions.
Second, the kind of mood induction procedure applied in experimental studies differs considerably. This fact is problematic, espe-
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cially with respect to a state of neutral mood. For example, Wadlinger
and Isaacowitz [18] induced positive mood by presenting the study
participants with a small bag of candy, while in the control condition (presumably neutral mood), no treatment was applied. Herz,
Schankler, and Beland [97] used a waiting room manipulation to
induce neutral mood. Moreover, while Shapiro and Lim [98] used
music, Grubert, Schmid, and Krummenacher [99] used movie clips
to induce neutral mood. This diversity of mood induction methods especially with respect to neutral mood - may explain why negative
mood had the same effect as neutral mood in some studies on the
breadth of attention (e.g. [90]), whereas other studies found similar
effects of positive and neutral mood (e.g. [100]). Given the various
approaches to induce a mood state that is relatively neutral compared
to positive and negative mood, the question arises about what kind
of treatment produces an adequate control condition. This concern
also applies to the stimulus material (externally located impact of
emotion). Due to this unsolved issue, we focused on the contrast
between positive and negative moods in the present study.
To conclude, in the present study we asked whether positive versus
negative mood affects attention, while previous conceptual as well as
empirical work provided evidence for a broadened attentional scope
by positive but also negative mood. Due to inconsistent evidence,
we exploratorily investigated the following hypothesis:
H2a. A positive versus negative mood state in the observer elicits
a different spatially extensive exploration of webpages.
However, besides a potential main effect of the observer’s mood
state on the global attentional focus, one central question is how the
observer’s mood state interacts with externally located emotional
factors, i.e., stimuli of different valence. Effects of stimulus va-

68

Feeling good, searching the bad: Positive priming increases attention and
memory for negative stimuli on webpages

lence on attention allocation have been repeatedly demonstrated,
even very early after stimulus onset [101]. In the case of controlled
attentional shifts, older adults show a strong and reliable positivity
bias and negativity avoidance in attention [102], as well as a similar bias regarding memory performance [103]. In contrast, when
cognitive control mechanisms are not fully available and attentional
shifts are automatically processed, no such bias is observable in
older adults [104, 105, 106]. However, results are mixed for younger
adults: some studies reported an attention and memory preference
for negative stimuli (e.g. [107, 108]); some revealed a tendency
to actively avoid looking at negative stimuli [109]; some provided
evidence for mood-discongruent memory (e.g. [110]) and attention (e.g. [111]); and some suggested that younger adults show a
mood-congruent preference in attention (e.g. [112, 113, 114, 115]).
Moreover, in a broad meta-analysis, Bar-Haim, Lamy, Pergamin,
Bakermans-Kranenburg, and Van Ijzendoorn [116] found that an attentional bias toward threat stimuli only occurred in anxious but not
in nonanxious children and adults.
But what happens when younger adults explore webpages? Some
of the inconsistent results presumably derive from the fact that the
subjects’ mood state was not considered because only externally located emotional factors were in the focus of research. However,
the consideration of mood states is crucial as it can determine current goals. In fact, when mood regulation was the primary goal of
younger adults, they attended less to negative than positive images
[117]. Moreover, students who learned to attend to positive stimuli
in a simple discrimination task (positive vs. neutral targets) showed
reduced attention for negative stimuli in a subsequent stress task, indicating that an aversion to negative stimuli can be induced [118]
and that attention is a powerful tool for promoting mood regulation
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[119]. In contrast, Das and Fennis [120] found that positive mood
can increase attention to, and systematic processing of, negative information, especially when the information was self-relevant. In the
context of webpage exploration, we assume that mood regulation
should not be the primary goal of young adults. Instead, subjects are
in a browsing mode in which they search for personally interesting
information. In such a mode, features of the stimulus (e.g., valence)
are more likely to catch the observer’s attention [76]. Given the
expected asymmetry between the impact of positive and negative
information on attention allocation in favor for the latter (H1a; c.f.
[85, 86, 83]), a positive mood state, in contrast to a negative one,
should additionally increase subjects’ attention for negative information. Therefore, we expected that:
H2b. A positive mood state in the observer increases subjects’ attention to negative news images compared to positive news images.
H2c. A positive mood state in the observer increases subjects’
memory for negative news compared to positive news.

3.2.3

Product evaluation: internally versus externally located emotional impacts

As we expected an effect of mood and stimulus valence on fixation locations, we also asked whether this effect would additionally
affect the evaluation of the online news portal. Previous research
showed that the experience of positive mood while interacting with
entertainment-related interactive products is an important determinant of the overall user experience [121, 122]. Moreover, positive
mood is more likely to be elicited by products that are usable, in
contrast to less usable products [123], as well as by more attractive
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products, compared to less attractive products [124]. Apparently,
positive mood is associated with positive product characteristics.
Against this background, it is conceivable that the valence of subjects’ current mood - the internally located emotional impact factor
- can elicit a congruent product evaluation, that is, a better evaluation
of the product under good mood (c.f. [125, 126]).
However, as we expected a strengthened focus on negative webpage content under positive mood, it was also possible that this increased attention to negative stimuli would worsen the evaluation of
the news portal at the end. Thus, attended externally located emotional factors could constitute the product evaluation, although these
emotional stimuli were not an inherent feature of the online portal.
Consequently, we addressed these two competing alternatives by the
following hypothesis:
H3. The evaluations of the news portal differ between participants
who differ in their current mood states.

3.3
3.3.1

Methods
Participants

Seventy-two subjects (15 male) with a mean age of 22.01 (SD =
5.71) participated in this study. Written, informed consent was obtained from all participants. Specifically, we explicitly informed all
subjects about the “unpleasant” stimuli used in the experiment. The
possibility to end the experiment whenever desired was acknowledged by signing an additional consent form. However, no subject prematurely stopped the session. All participants had normal
or corrected-to-normal visual acuity and were naı̈ve to the purpose
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of the study. All of them passed the Ishihara Test for Color Blindness [127].
3.3.2

Procedure and design

We told the subjects they would take part in two unrelated eyetracking studies: in the first study, we were allegedly interested in
viewing behavior on complex images. However, this part served
only as mood priming to induce a mood state of positive or negative valence. Subjects were randomly assigned to either a positive
or negative sequence of 44 images that were presented in randomized order (Fig. 3.1). The presentation duration for each image was
6s, following previous studies [13, 128, 80]. In the subsequent eyetracking session (the main experiment), we were allegedly interested
in viewing behavior on prototypes of a novel website incorporating 24 webpages designed by students of the university. The presentation duration of webpages was 15s, following Josephson and
Holmes [129]. Each webpage also contained two target images illustrating the main news - one of positive and one of negative valence.
The position of these news images was counterbalanced across subjects. For this purpose, 36 subjects saw the original versions of each
webpage in randomized order, while 36 subjects saw the “inverted”
counterparts, that is, those with inverted positions of target images
(Fig. 3.1). Consequently, we applied a 2 × 2 × 2 (priming condition
× valence of news image × side of news image on webpage) design.
We did not tell the participants they would have to perform a memory test and an evaluation of the website after the eye-tracking session. Subjects were solely asked to freely explore the stimuli in both
sessions. Before the first part (mood priming) started, subjects performed the Ishihara Test for Color Blindness and filled out a ques-
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Figure 3.1: The procedure of the study. Subjects were randomly assigned to the
positive or negative priming condition (44 trials). Afterward, all subjects observed
webpages (24 trials) containing, inter alia, positive and negative news images,
which served as targets. Half of the sample observed the “inverted” versions of the
original pages on which the target images’ positions were inverted for balancing
reasons.

tionnaire assessing computer and Internet expertise [130]. This measurement was used to check whether the randomized assignment of
subjects to the priming conditions was successful regarding expertise. Additionally, this measurement enhanced the credibility of the
cover story. After the emotional priming, the second part of the
study (webpage observation) started immediately. Afterward, subjects evaluated the website by means of the AttrakDiff 2.0 questionnaire [131]. Finally, they performed a memory test in which they
recalled the content of the webpages as comprehensively as possible.
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Apparatuses

All stimuli were presented on a large, 30” Apple Cinema HD Display (Apple, California, USA) that enabled us to present webpages
of high resolution as detailed images. This was required for the
purpose of the study, that is, the in-depth exploration of complex
webpages with two target areas and several peripheral elements.
Screen distance was 80 cm, display resolution was 2560 × 1600
pixels, and the refresh rate was 60 Hz. We darkened the room during the experiment to keep lighting conditions constant during the
eye-tracking session. We used no headrest to facilitate normal viewing behavior. The computer running the experiment was connected
to the host computer (Pentium 4; Dell, Round Rock, TX, USA) with
the EyeLink software via a local network. Participants’ eye movements were recorded by an EyeLink II system (SR Research, Ontario, Canada). The head-mounted eye-tracker used infrared pupil
tracking at a sampling rate of 500 Hz. To calibrate, participants
made saccades to a grid of 13 fixation spots on the screen, which
appeared one by one in a random order. Tracking of the eye, which
provided the lower validation error, started as soon as this value was
below 0.30° visual angle. After each stimulus presentation, a fixation spot appeared in the middle of the screen to control for slow
drifts in measured eye movements. In cases of an error being larger
than 1°, we repeated the calibration and validation procedure. The
eye tracker automatically detected and parameterized fixations and
saccades according to the default setting. We excluded the first fixation of each trial from the analyses because its localization was a
direct effect of the preceding fixation spot used for drift correction.
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3.3.4

Stimuli

Following Kaspar et al. [80], we used 44 full-colored images of the
International Affective Picture Set (IAPS, [132]) with a valence rating below 3 as negative primes1 and 44 images with a rating above
7 as positive primes2 . In order to ensure that the gist of the primes
was captured within the 6s (presentation duration), all images were
presented in their native resolution of 1024 × 768 pixels and were
centered on a gray background (RGB values: 182/182/182) that
matched the resolution of the monitor screen (2560 × 1600). Previous studies showed that these images reliably elicit emotional states
in human subjects on the neuronal [133] and physiological levels
[134] as well as on the level of subjective experiences [135].
Moreover, in an unpublished pre-study, we presented a subset of
25 images of each valence (plus 25 neutral images borrowed from
the IPAS) in three distinct blocks. The sequence of blocks was counterbalanced across 24 subjects with a mean age of 22.75 years (SD
= 6.39), while the sequence of images within a block was randomized. Each image was presented for 4s on a 22” monitor. We measured subjects’ mood states after observing one block of images by
means of the Self-Assessment Manikin (SAM) that was also used
in the normative studies of the IAPS [132]. The SAM comprised
three scales measuring the different aspects of emotional response:
valence (positive vs. negative), arousal (high vs. low), and domi1

Number of negative primes according to the IAPS: 2053, 2301, 2345.1, 2456, 2751, 3181,
3230, 3300, 6350, 6540, 6550, 6560, 6563, 6838, 9000, 9075, 9140, 9184, 9220, 9250, 9254,
9332, 9340, 9342, 9414, 9419, 9424, 9427, 9520, 9530, 9560, 9630, 9800, 9810, 9830, 9832,
9900, 9902, 9905, 9908, 9909, 9925, 9940, 9941.
2
Number of positive primes according to the IAPS: 1340, 1410, 1500, 1540, 1600, 1610, 1620,
2040, 2057, 2058, 2075, 2150, 2158, 2160, 2170, 2208, 2260, 2274, 2299, 2300, 2306, 2314,
2332, 2340, 2341, 2345, 2347, 2360, 2387, 2388, 2391, 2392, 2398, 2540, 2598, 4599, 4614,
4628, 4640, 4641, 5200, 5202, 5210, 8497.
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nance (weak vs. strong). Observing a sequence of positive versus
negative images elicited a more positive feeling [t(23) = 15.301, p
< .001, d = 2.346]; a lower arousal [t(23) = 8.579, p < .001, d =
1.749]; and a stronger feeling of being important and being able to
handle the situation (cf. [132]) [t(23) = 4.149, p < .001, d = 0.710].
Hence, and in accordance with previous studies on the emotional
impact of IAPS images, the mood priming in the present study was
sufficient to induce strong but valence-specific mood responses that
were revealed to also have long-lasting effects on subsequent viewing behavior [80].
After the mood priming, subjects observed 24 webpages presented
for 15s each (Fig. 3.2). The image resolution fit the display’s resolution (2560 × 1600). The high resolution allowed us to show webpages that included two target areas depicting either a positive or a
negative IAPS image at a resolution of 818 × 614 pixels. Each target
image was accompanied by a headline and a link that would direct
the reader to the full story. Subjects, however, did not use the link,
as they did not interact with the webpages. We decided to show no
additional text for the main news in order to avoid a potential bias
in the interestingness of the textual content between positive and
negative main news that could attract attention. In addition to the
main news’ images serving as target regions, each webpage comprised several further pictorial and textual elements. As schematically depicted in Fig. 3.2, four short news stories about current
societal issues appeared below the main news, and several ads were
placed on the left and right sides of the webpages. Finally, a region
that contained the tabs for navigation always appeared in the upper
left corner. Importantly, the content and structure of the webpages
were completely identical between the priming conditions. The position of target images was counterbalanced across subjects within a
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priming condition. As in the preceding mood priming, positive images had a normed valence value above 7 (negative below 3), but the
image set was completely different from those used in the priming
session3 ,4 .

Figure 3.2: Structure of the webpages used in the study. The target areas for
eye movement analyses and memory tests were the IAPS images on the left and
right side. The valence of the images differed on each webpage, but position was
counterbalanced across subjects.

To exclude the possibility that differences in eye movement parameters between positive and negative images would derive from
systematic differences in visual saliency, we tested the images accordingly. For this purpose, we analyzed each of the 48 images by
means of a saliency map computation [136, 16]. While the standard
3

Number of negative news images according to IAPS: 2205, 2683, 2688, 2703, 2710,
2811, 2900, 3180, 3350, 3500, 3530, 6212, 6313, 6520, 6570, 6821, 8485, 9041, 9163,
9187, 9410, 9921.
4
Number of positive news images according to IAPS: 1441, 1460, 1604, 1630, 1710,
1722, 1750, 1920, 1999, 2035, 2045, 2070, 2080, 2156, 2165, 2222, 2311, 2340, 2370,
2550, 2650, 2660.

2800,
9183,
1721,
2530,
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algorithm by Itti et al. [16] predicts fixation patterns by a decomposition of pictures into several physical features (e.g., contrast and
orientation), a more recent graph-based visual saliency (GBVS) algorithm by Harel et al. [136] predicts fixations with an even higher
reliability. We applied both algorithms to our stimulus set and found
no difference between the positive and negative images regarding
visual saliency [both t(35) ≤ 0.941, p ≥ .356].
3.3.5

Evaluation of website and memory test

After the eye-tracking session, subjects evaluated the website regarding several attributes by means of the AttrakDiff 2.0 questionnaire [131]. This instrument assessed the perceived pragmatic quality (PQ), hedonic quality identification (HQI), hedonic quality stimulation (HQS), and the overall appeal (APPEAL) of an interactive
product. Each of these four concepts was operationalized by seven
word pairs on a 7-point semantic-differential scale. The appeal scale
assessed the global attractiveness of the interactive product (e.g.,
motivating vs. discouraging). The pragmatic quality was an assessment of the perceived usability (e.g., simple vs. complicated). The
hedonic quality was split into two aspects: identity described the
possibility to communicate a desirable identity to others (e.g., isolating vs. coupling), while stimulation assessed the amount to which
the product supports striving for personal development (e.g., original vs. conventional).
After evaluating the website, subjects performed a memory test in
which they were asked to recall as many main news items as possible (two per webpage, maximum 48 data). Following a procedure
by Hamborg et al. [76], the recall was completely free. Subjects
received a list with 48 blank lines and had to write down all the
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main news items they were able to remember (headlines and content of images). Two independent raters evaluated these responses
regarding whether they fit with what had been presented on the webpages. Thereby, a response was rated as valid when it matched the
headline and/or the content of the corresponding news image. Overall, only 3.05% of the responses were invalid; in most of these rare
cases, subjects reported image content that pertained to the images
of the preceding priming procedure. The inter-rater agreement was
99.33%. Following Kaspar et al. [130], in the rare cases of absent
agreement, we finally forced a consensual categorization by the two
raters to allow frequency analyses.

3.4

Results

We initially checked whether there were significant differences between the two priming conditions in participants’ expertise on computer and Internet usage. As computer and Internet experience did
not differ [both t(70) ≤ 0.373, p ≥ .710, d ≤ 0.088], potential effects between priming groups were not a signature of differences in
expertise.
In order to analyze the recall performance of main news and eye
movement parameters, 2 × 2 × 2 (priming condition × valence of
news image × side of news image on webpage) mixed-method analyses of variances (ANOVAs) were computed. We analyzed several
eye movement parameters, namely the number of attentional shifts
to news images, the total number of fixations placed on news images,
the mean length of saccades made from a fixation outside the news
images into one of them, and the mean duration of fixations placed
on news images. We contrasted these results with the recall perfor-
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mance defined as the correct recall of main news, while considering
the valence of the topic (i.e., the valence of the corresponding IAPS
image) and the position of the news image (left or right side of a
webpage).
3.4.1

Recall performance

First of all, the ANOVA for the recall performance revealed no difference between the mood priming conditions (Fig. 3.3a) and no effect regarding the side on which the news was presented (Fig. 3.3b)
[both F(1, 70) ≤ 0.513, p ≥ .476, η2p ≤ .007]. However, the difference between positive and negative main news was highly significant
[F(1, 70) = 20.666, p < .001, η2p = .228] (Fig. 3.3c). The recall of
negative main news was better, as expected (H1b). However, this
effect was moderated by the preceding mood priming [F(1, 70) =
4.654, p = .034, η2p = .062]. As Fig. 3.3c shows, the difference between correctly recalled positive and negative news was significant
after positive priming, with a large-sized effect [t(35) = 4396, p <
.001, d = 0.733]. After negative priming, the effect was small and
only significant by trend [t(35) = 1.846, p = .073, d = 0.308]. The
ANOVA did not reveal further effects [all F ≤ 0.191, p ≥ .663, all
η2p ≤ .003]. Overall, the results supported the hypothesis that negative news content is memorized better than positive content (H1b).
Moreover, this effect was enlarged when subjects were positively
primed, supporting the hypothesis that a positive mood state in the
observer additionally increases subjects’ memory for negative news
compared to positive news (H2c).
During the recall task, only a few incorrect answers were made
by participants of both priming conditions. However, these answers
derived from the preceding priming task because previously seen
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Figure 3.3: Number of correctly recalled main news. (a) No main effect of priming
valence. (b) No main effect of the side of the webpage. (c) Interaction between
priming valence and news valence. Vertical lines indicate the standard error of the
mean.

IAPS pictures (originating from the priming set) were mistakenly
recalled. Accordingly, when comparing the two mood priming conditions by means of Mann-Whitney-U tests, we found that pictures
of negative valence were falsely recalled more often in the negative
priming group than in the positive priming group [Z = 3.204, p =
.001]. No difference occurred regarding the false recall of positive
image content [Z = 1.000, p = .500], indicating that the negative but
not the positive priming had long-lasting effects on false memory.
Importantly, when we controlled for mistakenly recalled news content, the main effects of mood priming and the interaction with news
valence on the number of correctly recalled news items remained
[main effect: F(1, 70) = 14.164, p < .001, η2p = .168; interaction:
F(1, 70) = 8.129, p = .003, η2p = .104]. Consequently, the effects
on the level of correctly recalled news content were not biased by
subjects’ tendency to risk false answers.
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Selection of targets

Next, we investigated the influence of the mood priming, valence
of news image, and side of news image on eye movement parameters and compared these to the recall performance (H1a, H2a, and
H2b). We started with an ANOVA analyzing the number of saccadic
jumps from outside elements to the area of news images. This was
an indicator of how often the news images attracted subjects’ attention away from the periphery. The areas of interest were identically
located across webpages and defined by the constant size and position of the news images. It revealed no main effect of mood priming
(Fig. 3.4a) [F(1, 70) = 0.228, p = .635, η2p = .003], but we found
a main effect of the side of the news image (Fig. 3.4b) [F(1, 70) =
19.029, p < .001, η2p = .214] with more saccades toward news images that were placed on the left side of the screen. As expected
(H1a), the valence of the news image significantly influenced the selection of news images (Fig. 3.4c). Subjects made more saccades
to negative images than positive images [F(1, 70) = 11.801, p <
.001, η2p = .144]. Furthermore, this effect was moderated by the preceding mood priming [F(1, 70) = 5.942, p = .017, η2p = .078]. As
Fig. 3.4c shows, the difference in the number of saccades to positive and negative news images was significant after positive priming
[t(35) = -3.940, p < .001, d = 0.657], but was not significant after
negative priming [t(35) = -0.748, p = .459, d = 0.125]. No further
effects were revealed [all F ≤ 1.608, p ≥ .209, η2p ≤ .022]. Thus,
the pattern of results on the number of saccades from the periphery
to news images closely matches the pattern of results on memory
recall. As predicted in H1a, negative news images attracted more visual attention than positive ones. Moreover, a positive mood state in
the observer increased subjects’ attention to negative news images
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compared to positive ones, confirming hypothesis H2b.

Figure 3.4: Number of saccades to the images of the main news. (a) No main effect
of priming valence. (b) Main effect of the side of the webpage. (c) Interaction
between priming valence and image valence. Vertical lines indicate the standard
error of the mean.

In order to check whether this congruency of recall performance
and selection of saccadic targets was also present on the level of individual subjects (H1c), we scrutinized this issue on the level of individual participants by means of a correlation analysis. We calculated
the difference score between negative and positive news (negative
minus positive) separately for both mood priming conditions. The
resulting deltas in recall performance and saccade number were correlated separately for both conditions. Indeed, the difference scores
correlated positively after positive priming [R = .368, p = .027], but
did not significantly correlate after negative priming [R = .135, p =
.431]. As shown in Fig. 3.5, the above-reported congruency between
both measurements on the level of mean values was also present on
the level of individual subjects.
With respect to the total number of fixations on target images (i.e.,
all fixations placed on the images independently of whether another
area of the webpages was observed in the meantime), we also found
the interaction between priming valence and image valence. Nega-
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Figure 3.5: Regression lines for correlations between the delta of correctly recalled news (negative news minus positive news) and the delta of the number of
saccades to news images (negative news minus positive news) - depending on the
priming condition (positive vs. negative).

tive news images were fixated more often than positive news images
(H1a) [F(1, 70) = 56.164, p < .001, η2p = .445] and, once more, this
effect was moderated by the preceding mood priming (H2b) [F(1,
70) = 11.294, p = .001, η2p = .139]. Thereby, the number of fixations
on negative news images was higher than on positive images in both
priming conditions [both t ≤ -3.861, p < .001], but the effect was
much larger after positive priming (d = 1.071) than after negative
priming (d = 0.644). The ANOVA did not reveal further effects [all
F ≤ 1.603, p ≥ .210, η2p ≤ .022]. Hence, the number of saccades
to news images and the total number of fixations on these images
strongly corresponded (not depicted).

84

Feeling good, searching the bad: Positive priming increases attention and
memory for negative stimuli on webpages

3.4.3

Length of saccades

We were interested in whether negative and positive news images
also attracted the attentional focus from different spatial distances.
For this purpose, we analyzed the length of the saccades from fixations outside the news images to the news images. The 2 × 2 × 2
ANOVA revealed no effect of mood priming or image valence [both
F(1, 70) ≤ 1.214, p ≥ .274, η2p ≤ .017], but a main effect of the news
images’ position [F(1, 70) = 22.990, p < .001, η2p = .247], with
longer saccades to images placed on the right side of the webpages
(not depicted). The difference was almost a 1° visual angle. The
ANOVA did not reveal any further significant effects [all F ≤ 1.603,
p ≥ .210, η2p ≤ .022]. Hence, different image valences did not attract the attention focus from different spatial distances, but subjects
generally used a longer visual step to jump from outside elements
to a news image when the latter was placed on the right side of the
webpage, compared to the left side.

3.4.4

Fixation duration

In the next step, we computed a 2 × 2 × 2 ANOVA to investigate
the mean duration of fixations as an indicator for processing depth
(H1a). Fixation duration was higher on news images with negative
content, compared to news images of positive valence (Fig. 3.6c)
[F(1, 70) = 21.014, p < .001, η2p = .231]. In addition, fixations were
generally longer on right-sided images independent of their valence
(Fig. 3.6b) [F(1, 70) = 145.158, p < .001, η2p = .675]. Moreover,
fixations were longer when subjects had been negatively primed beforehand compared to a positive priming (Fig. 3.6a) [F(1, 70) =
5.444, p = .023, η2p = .072]. Besides the three significant main ef-
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fects, the ANOVA did not reveal further effects [all F ≤ .052, p ≥
.820, η2p ≤ .001]. Thus, the results on fixation duration give further
evidence of preferential and more prolonged processing of images
with negative valence.

Figure 3.6: Duration of fixations (ms) placed on the news images. (a) Main effect
of priming valence. (b) Main effect of the side of the webpage. (c) Main effect of
image valence. Vertical lines indicate the standard error of the mean.

3.4.5

Spatial exploration

We investigated the influence of the mood priming on the spatial exploration of webpages (H2a) by calculating the entropy of the spatial distribution of fixations (see [137, 13, 34, 80]). Entropy quantifies the spread of fixation distributions independently of specific
geometrical arrangements, while higher entropy values indicate a
more spread-out distribution. The procedure is described in detail elsewhere [34]. As each webpage contains pairs of both positive/negative images placed on the left/right side, these factors were
dropped in the ANOVA. Additionally, we included the trial number
as a new factor. Hence, we analyzed entropy by means of a 2 × 24
(priming condition × trial) ANOVA. Entropy decreased across trials,
that is, over time [F(14.757, 988,703) = 3.152, p < .001, η2p = .045].
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Moreover, entropy differed between the two mood priming conditions by trend (H2a) [F(1, 67) = 2.781, p = .100, η2p = .040], with
higher entropy after negative priming. No interaction between mood
priming and the current trial occurred [both F(23, 1541) = 1.187, p
= .276, η2p = .017]. Consequently, the extent of spatial exploration
continuously decreased over time, as shown in Fig. 3.7, while the
negative mood priming marginally broadened the attentional scope.

Figure 3.7: The impact of the mood priming on the spatial exploration of webpages quantified by entropy. Vertical lines indicate the standard error of the mean.

3.4.6

Website evaluation

As a final step, we investigated the impact of the mood priming on
the evaluation of the website in terms of three features of an interactive system (H3). We investigated the overall appeal (APPEAL,
Cronbach’s a = .90), the perceived pragmatic quality as an indicator of perceived usability (PQ, a = .61), and the hedonic qualities,
which were subdivided into the possibility to communicate a desirable identity to others (HQI, a = .83) and the amount to which
the product supports striving for personal development (HQS, a =
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.89). T-tests for independent samples showed that subjects reported
a higher APPEAL of the website after they had been primed by positive images [t(70) = 3.028, p = .003, d = 0.714], as well as a higher
HQI [t(70) = 2.902, p = .005, d = 0.684] and, by trend, a higher
HQS [t(70) = 1.402, p = .083, d = 0.330] (Fig. 3.8). The perceived
usability PQ was not affected by the preceding mood priming [t(70)
= 0.709, p = .241, d = 0.168]. Consequently, although positive priming increased subjects’ attention for negative webpage content, the
positive priming enhanced the perception of positive attributes (appeal and hedonic qualities) of the website. The pragmatic quality as
an indicator of the website’s usability was not affected by subjects’
mood state.

Figure 3.8: Difference between priming conditions in mean ratings of the website’s overall appeal (APPEAL), its perceived pragmatic quality (PQ), its hedonic
quality identification (HQI), and its hedonic quality stimulation (HQS). Vertical
lines indicate standard error of the mean. Note: the original scale (1-7) is rescaled
here (range from -3 to +3) to facilitate interpretation of absolute values. ∗∗p <
.010. (∗)p < .100.
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3.5

Discussion

Mood states are one central factor influencing attention allocation
and gaze behavior under artificial as well as more ecological conditions (for a current review, see [53]). However, so far, only little
research has addressed the potential interplay between internally located impacts (mood state of the observer) and externally located
impacts (stimulus valence) on gaze behavior and memory performance under natural conditions. The present study aimed at this
widely neglected topic in the context of visual webpage exploration.
We focused on three levels, namely the memory performance, gaze
behavior, and summative product evaluation.
First of all, being in a negative mood state, in contrast to a positive one, elicited a marginally more spatially extensive exploration
of webpages (H2a). Consequently, negative mood slightly enhanced
the viewing activity on the spatial dimension. This result contradicts the idea that positive mood serves to broaden one’s focus of
attention in order to enlarge the momentary thought-action repertoire [89]. Instead, it supports evidence that negative mood broadens
one’s attentional scope [91, 92]. The increased spatial exploration
after negative priming contradicts results of a previous study that
used natural scenes instead of webpages [80]. In this study, negative
emotional priming elicited a kind of tunnel vision. Apparently, the
stimulus type and context (webpages with images of different valence vs. neutral natural scenes) modulate the effect of a mood state
on the breadth of the attentional focus. In the present study, however, the breath of the attentional focus was affected more by time as
it decreased continuously. This indicates that subjects explored the
webpages less intensively later in time. Probably the identical structure of the webpages became more and more familiar and subjects
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focused more strongly on specific webpage regions. Adaptation processes to similarly structured webpages have already been reported
previously [34].
When focusing on the externally located emotional impact, we
found a clear picture. In line with the slogan “Bad news is good
news” (c.f. [87, 88]) and previous evidence for an asymmetry in the
power of negative and positive information on cognitive processes
(for a review, see [82]), subjects made more saccades to negative
images. Negative images, however, did not attract the attentional
focus from a longer spatial distance, but they were also fixated more
often than positive news images, and the mean duration of fixations
was longer on negative news images as well (H1a). This effect of
stimulus valence on attention allocation corresponded to memory
performance. Negative content was memorized better than positive
content (H1b). Apparently, negative stimuli had a stronger impact
on attention and memory than positive stimuli.
However, when additionally taking into account subjects’ mood
state, we found that a positive state significantly increased attention
(H2b) and memory (H2c) for negative stimuli. This result supports
the assumption that in a browsing mode (in contrast to a mood regulation mode, e.g. [117]), a positive mood state can additionally
increase attention to negative information, as proposed by Das and
Fennis [120]. When subjects browse through the Internet, they do
not search for specific information. In such a browsing mode, features of the stimulus are more likely to catch the observer’s attention
(c.f. [76]). In contrast, when subjects train to regulate their mood
by preferentially attending to positive stimuli, attention for negative
stimuli is reduced [118]. Consequently, the present result highlights
the powerful role of the current task mode of the subject that specifies the primary action goal.
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Importantly, the interactional pattern for attention allocation and
memory performance was very similar. This congruency between
both measurements on the level of mean values was also present on
the level of individual subjects (H1c). The stronger the tendency
to look at negative news images and away from positive news images, the better the memory of negative news compared to positive
news. However, this pattern was only true for subjects in a positive mood state but not for subjects who were negatively primed before the webpage observation. This result is noteworthy as previous
studies either focused solely on the level of mean values or used experimental paradigms that did not incorporate an eye-tracking technique; a congruency on the mean level between attention allocation
and subsequent recall of webpage content has been previously reported for animated versus non-animated banner ads on webpages
[76] as well as for personalized versus non-personalized banner ads
[138]. Some researchers did not find a link between attention and
memory [139, 117]. Moreover, some studies investigated attention
memory for emotional stimuli in distinct experiments, making correlational analyses impossible (e.g. [140]). However, some studies
actually correlated attention allocation with subsequent memory but
did not use an eye-tracking technique [141, 115, 142]. Against this
sparse empirical background, the present study provides important
evidence for a significant link between emotion-modulated effects
of gaze behavior and memory performance.
Besides the effect of subjects’ mood state on attention and memory, we also found a clear result with respect to the evaluation of
the website. The positive mood priming enhanced the perceived
appeal and hedonic qualities of the website (H3). This shows that
positive mood and positive product evaluations are strongly interwoven. Although most previous studies primarily reported the effect
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of pleasurable interactions with the product on user experiences and
mood, the present study highlights that pre-interactional mood states
can also significantly affect the experiences in a subsequent humanmachine interaction. This is an important complement to previous
studies focusing on effects that are elicited by the characteristics of
the human-machine interface such as its usability and visual aesthetics (e.g. [143, 144, 145, 146]). Importantly, although a positive
mood was accompanied by increased attention for negative stimuli,
this attentional effect of mood did not counteract a positive evaluation of the website. Apparently, the initial mood state, compared to
the valence of what has been preferentially observed, was the more
important determinant of the final product evaluation. This finding is interesting from a practical point of view. On the one hand,
people perhaps do not incorporate the content presented through the
medium into the evaluation of the medium, while they, on the other
hand, tend to attribute pre-interactional mood to the medium.
Moreover, although the present study as well as many previous
studies in the field focused on emotional impacts regarding the spatial distribution of visual attention on rather static images, future
research should also consider attention-related effects of mood and
stimulus valence in more dynamic and interactive virtual environments such as, for example, virtual worlds [147, 148], IT-based
knowledge management systems [149], or in the context of virtualreality-based therapeutic treatments [150]. In fact, the continuous
tracking of eye movements in dynamic virtual scenarios makes attentional processes observable (c.f. [151]). Also, given cross-cultural
differences regarding, for example, one’s motivation to share information in computer-based systems [152] or one’s tendency to
consider specific information about others in online business [153],
culture-specific attentional preferences should be investigated. For
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example, while studies investigating western samples reported a reliable positivity bias in older adults (e.g. [102]), Fung et al. [154]
found that older Chinese looked away from happy facial expressions. Apparently, the present findings should be interpreted with
some caution regarding the generalizability to other cultural groups.
Finally, two interesting side effects are noteworthy. First, we revealed the common left bias in peoples’ attention to webpage content (e.g. [155, 34]). Subjects showed more saccades to news images
placed on the left side, while the duration of fixations was shorter.
Importantly, this left bias did not interact with any other effect, but
it highlights the necessity to counterbalance stimuli positions when
using webpages. Second, the analysis of recalled webpage elements
showed that negative but not positive mood priming had long-lasting
effects on false memory. Subjects in a negative mood were more
risky to provide false data, but this tendency did not bias the results
on the level of correctly recalled news content.
We also want to highlight a methodological issue: research on
emotional impacts (internally as well as externally located ones) on
attention and other cognitive processes has to deal with a valencespecific bias in arousal. For example, the normative values of the
IPAS [156] show that the majority of highly negatively valenced
images were rated as more arousing than images of highly positive valence, except erotic images (see also [80, 157]). Accordingly,
Berlyne [158] already stated that negative affect would be correlated
with high arousal, while positive affect would be correlated with
moderate arousal. Similarly, a negative mood or specific emotional
state (e.g., fear, anxiety, anger, or hostility) is more likely to be accompanied by high arousal than a positive mood or emotional state
(e.g., happiness, contentment, pride, or serenity). Negative emotions are more strongly connected to behavioral and physical fight-
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or-flight responses that, inter alia, include an increase in arousal and
attention [159]. From this point of view, negative and positive emotional states do not only differ on the valence dimension but also
regarding arousal. Hence, valence and arousal are often at least partially confounded. In the present study, we therefore cannot rule
out that increased attention to negative stimuli mirrors an effect of
arousal instead of valence. This possibility does not question the
significance of the results but sheds light on a conceptual issue that
applies to most (if not all) studies in the field. Moreover, this critical point probably also explains why it is difficult to create an experimental condition that is neutral regarding what are labeled as
positive and negative mood conditions. Different treatments (e.g.,
visual priming, music, waiting situation) might differ regarding the
emotional dimensions in which they are neutral to other conditions.
As an effect, we find contradicting results across studies when comparing neutral conditions with positive and negative conditions (see
above). Therefore, a restricted focus on the contrast between positive and negative moods appears suitable for some research purposes (c.f. [160]). Consequently, the present results on the impact
of positive and negative emotional influences on attention and memory symbolize a strong contrast, and it is conceivable that the impact of a neutral condition (i.e., neutral mood and neutral images) is
somewhere in between. Overall, the present results clearly point to
an attention- and memory-relevant interplay between internally and
externally located factors of positive and negative natures.

3.6

Conclusion

The present study demonstrated strong and differential effects of internal mood states and emotional content of external visual stimuli.
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The preferential and more in-depth processing of negative news images can be understood in ecological terms. A negative stimulus
often refers to imminent danger and demands preferential processing. In the case of a prevailing (up to that moment) positive mood,
this leads to marked changes in visual processing and memory, as
observed here. The complementary consequences of internally and
externally loaded emotional factors might resolve some discrepancies in the literature.

CHAPTER 4

Exploration and exploitation in natural
viewing behavior
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4.1

Exploration and exploitation in natural viewing behavior

Abstract

Many eye-tracking studies investigate visual behavior with a focus
on image features and the semantic content of a scene. A wealth of
results on these aspects is available, and our understanding of the
decision process where to look has reached a mature stage. However, the temporal aspect, whether to stay and further scrutinize a
region (exploitation) or to move on and explore image regions that
were yet not in the focus of attention (exploration) is less well understood. Here, we investigate the trade-off between these two processes across stimuli with varying properties and sizes. In a free
viewing task, we examined gaze parameters in humans, involving
the central tendency, entropy, saccadic amplitudes, number of fixations and duration of fixations. The results revealed that the central tendency and entropy scaled with stimulus size. The mean saccadic amplitudes showed a linear increase that originated from an
interaction between the distribution of saccades and the spatial bias.
Further, larger images led to spatially more extensive sampling as
indicated by a higher number of fixations at the expense of reduced
fixation durations. These results demonstrate a profound shift from
exploitation to exploration as an adaptation of main gaze parameters
with increasing image size.
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Introduction

Vision is the key modality by which humans interact with the environment. However, our processing capacity is limited regarding attention [161, 41, 40, 162, 163]. In fact, visual attention is an integral
part of our interaction with the environment. By focusing the line
of sight by eye movements, humans actively select regions of interest for in-depth processing with high spatial resolution [164, 35, 36].
Therefore, investigating the visual system with an emphasis on overt
visual attention has developed into a most active research topic in
cognitive science [37].
Although vision evolves in an alternation of saccades and fixations, overt visual attention is a continuous process. We constantly
have to decide whether to move on to sample another image region or to linger in the currently fixated region for in-depth processing. In analogy to other science areas, here we label these two
processes exploration and exploitation respectively [165]. Thus,
each decision to fixate on a new location terminates scrutinizing
of the currently fixated region and establishes a classic explorationexploitation dilemma [166, 167]. In visual behavior, the number
and spatial distribution of fixations characterize the exploration of
a scene [168]. By contrast, the time spent at a fixated location
(i.e., fixation duration) reflects the degree of in-depth processing
of what is observed and hence characterizes the exploitation aspect
[169, 170, 8] However, given time constraints for image observation and interpretation, exploration of the whole visual scene and
exploitation of local image regions impose conflicting requirements.
Consequently, while scanning a scene, overt attention in visual behavior consists of a continuous interplay between exploration and
exploitation.
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Vision research has identified several factors that influence eye
movement behavior. These factors can be classified as top-down and
bottom-up influences [41, 42, 43, 44, 45] as well as spatial viewing
biases [46, 47, 13, 171, 48].
Top-down effects are aspects of the observing agent, the task,
and the context. In particular, top-down factors comprise the observer’s current motivational state and time-independent personality traits [128, 38]. Furthermore, the observer’s current emotional
state [53, 80] as well as the emotional valence of external objects
[137, 71, 18] are strong top-down influences on exploration and exploitation. Top-down factors also cover specific personal interests
[138] that may be different depending on the current task performed
by the observer [51, 52]. Overall, such top-down factors play a major role in viewing behavior and can explain a large part of the variance in eye movements.
By contrast, bottom-up factors comprise the properties of the stimulus that influences the selection of fixation locations. These properties may relate to primary contrasts (e.g., luminance, color, and
saturation). For instance, edge information and high contrast of image regions play a role in attracting fixations [13, 16, 49, 50]. In
fact, models based on the concept of a salience map that incorporates such basic image properties can predict human visual behavior
with high performance [172]. Furthermore, it has been shown that,
even in repetitive stimulus presentations, when the semantic content
of the image is already known to a large degree, the low-level impact factors remain influential [13]. Thus, the bottom-up influence
of stimulus-dependent features significantly guides visual behavior.
Finally, spatial constraints, partly based on oculomotor properties,
lead to spatial viewing biases that also affect eye movement behav-
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ior [47]. Motor biases in the saccadic system cause a preference to
perform rather short saccades (usually less than 15 degrees of visual
angle [33]) while observing scenes [30, 31, 32]. This preference for
short saccades in combination with a central fixation cross, preceding a trial in typical eye-tracking experiments, is argued to be one
reason why researchers commonly observe a tendency to focus on
central image regions [27, 28, 29]. However, in other image categories, such as webpages, the spatial bias is shifted to upper left
areas, due to structural formation of webpages [34]. Consequently,
this central tendency significantly determines visual exploration and
exploitation.
The separation of these three factors (i.e., top-down, bottom-up,
and spatial viewing bias) helps to understand guidance of visual behavior. For the investigation of the relation between exploration and
exploitation, these three factors may be varied systematically. However, parametric variations of tasks or stimulus categories are currently not feasible. In contrast, by systematically changing the size
of visual scenes, we can examine exploitation and exploration tendencies more directly. Thus, this approach is well suitable for an
examination of the exploration-exploitation interplay.
All researchers in the field are confronted with the practical issue of variations of stimulus size. In modern days, media devices
are characterized by a wide range of display sizes. Sizes vary from
small (e.g., smartphones) to intermediate (e.g., tablets and laptops)
to large (e.g. TVs). Hence, the question arises as to what degree we
can generalize the results of individual eye-tracking studies based
on specific visual display sizes.
A previous study indicated that the image size needs to be considered in eye-tracking research more than has been done previously
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Stimulus size (width
× height) in visual
degrees

22.0 × 16.0
24.3 × 18.7
29.0 × 22.0
31.0 × 26.0
33.2 × 25.2
35.7 × 27.1
40.0 × 30.0
45.7 × 36.6
10.0 × 7.7
18.0 × 13.8
von Wartburg et al. [173]
26.0 × 19.8
34.0 × 26.0
Bindemann [29]
Henderson et al. [52]
Einhäuser et al. [51]
Unema et al. [8]
Rauthman et al. [38]
Klenzle et al. [174]
Tatler [27]
Kaspar et al. [34]

Area in
visual
degrees
352
454.41
638
806
836.64
967.47
1200
1672.62
77
248.4
514.8
884

Fraction of elliptic
visual field in percent (200° horizontal
and 130° vertical)
1.72
2.23
3.12
3.95
4.10
4.74
5.88
8.19
0.38
1.21
2.52
4.33

Screen
distance
in cm
80
90
80
60
58
60
60
45
70.5
70.5
70.5
70.5

Screen resolution (width
× height) in
pixels
1024 × 768
800 × 600
1024 × 768
1024 × 768
1280 × 1024
1024 × 768
1600 × 1200
1280 × 1024
1600 × 1200
1600 × 1200
1600 × 1200
1600 × 1200

Table 4.1: Exemplary list of stimulus size and resolution of the display screen
used in some recent eye-tracking studies.

[173]. Different eye-tracking laboratories commonly use varying
settings concerning monitor sizes, image resolution, and viewing
distance (for an exemplary selection, see Table 4.1). These variations in image size may influence viewing behavior. Indeed, von
Wartburg et al. [173] found that an increasing image size led to
an increase of the mean and median saccade amplitude. Thus, we
consider size to be a main property of an image because it determines the size of all depicted objects and their spatial relations. The
richness of observable detail attenuates with decreasing size, which
might also affect the subjective saliency of basic image features such
as contrasts in color and luminance and thus also influence bottomup properties. Furthermore, depending on the distance to the monitor, the image size directly scales the amount of visual information
presented to the observer (see Table 4.1). Therefore, the influence of
different image sizes on exploratory and exploitive viewing behavior
has to be considered.

In the present eye-tracking study, we thus investigated the influ-
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ence of varying image sizes on changes in gaze behavior. In contrast
to von Wartburg et al. [173], we used an extended design and a
broader set of analyses to examine exploration and exploitation tendencies. We presented urban, natural, and webpage images in five
different sizes ranging from 7° to 30° to match the dimensions of
typical screen sizes. However, a potential problem with scaling of
an image is the change in available visual information. Even when
scaled, the power law behavior implies constant statistical properties
of the image. Yet, scaling affects sizes of objects and their distances
to each other within the image. More specifically, a reduced image
size leads to a reduced image resolution and lower spatial details
of such objects. To investigate whether changes in gaze behavior
are actually a result of the spatial properties of the image with respect to its size or whether changes are instead affected by varying
spatial details, we manipulated the images in two complementary
ways: in the “scaled condition”, we scaled the images to the targeted screen size, thus scaling the complete visual scene down (Fig.
4.1a). In the “cropped condition”, we used the complete scene and
cropped out the appropriate central section for the smaller image
sizes. Hence, in this condition, the visual scene displayed only the
central part of the original image in smaller image sizes. We as a
result of this guaranteed that the image resolution and depth of details within the scene remained constant. Moreover, we used images
of different categories, as image type has been found to influence
viewing behavior [13, 128, 155] strongly. In our study, we used images that showed urban scenes, landscape scenes, and screenshots
of webpages. These image categories were chosen according to two
reasons: first, conventional eye tracking studies investigating visual
behavior on natural scenes usually include urban and landscape images (e.g.ref. [13, 171, 27, 173]). Second, webpages form a stimulus
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class that occurs in many real-world scenarios where people use and
interact with technical devices varying in display size [175]. Thus,
with the present study design, we were able to examine how exploration and exploitation change in relation to different image sizes
and image types.

Figure 4.1: (a) Example of an urban image differing in size (scaled: upper row;
cropped: lower row). (b) Visualization of the increase of image size from 7” to
30” (diagonal and area).

To assess the exploration of the visual scenes, we examined the
spatial bias captured by the central tendency and the entropy of the
spatial distribution of fixations. In general, a spatial bias reflects
a deviation from a homogenous distribution of fixations across a
visual scene. Thereby, the central tendency describes a bias in visual exploration with an increased number of fixations in the central
image region at the expense of higher eccentricities. In contrast,
the entropy captures the heterogeneity of the distribution of fixations independently of specific geometrical arrangements and hence
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is a suitable signature of the general degree of exploration of an observer’s viewing behavior [80]. Thus, central tendency and entropy
describe different aspects of the spatial distribution of fixations.
Furthermore, we investigated saccade amplitudes and the number of fixations as an additional measure of spatial exploration. For
exploitation, we specifically analyzed the distribution of fixation durations, as this measure indicates the time allocated to in-depth processing of fixated regions. Besides an investigation of how fixation durations change across image sizes, we additionally analyzed
whether a change in fixation duration would directly result from
varying image sizes or, alternatively, from an interdependence between fixation duration and saccade amplitude. Regarding the latter option, divergent results have been reported: Radach and Heller
[176] described fixation durations and saccade amplitudes as independent. In contrast, Unema et al. [8] concluded that fixation durations and saccade amplitudes are controlled by the same mechanism. We thus included an analysis of the interaction between saccadic amplitude and the duration of the preceding fixation. Further,
we investigated saccade durations [177, 178] to determine whether
a change in saccade durations across varying image sizes has an impact on the number and duration of fixations, as a consequence of a
limited presentation duration of the stimulus. Overall, this selection
of eye movement parameters enabled a comprehensive investigation
of the trade-off between exploration and exploitation.
Three hypotheses about how image size may affect visual behavior guided our research. First, we hypothesized that an increase
of the stimulus size increases the visual exploration by spreading
out fixation locations to a larger degree, which should be reflected
by a corresponding change in central tendency and entropy. However, assuming constant oculomotor constraints, saccade amplitudes
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should stay constant, and the exploitation of image regions should
not change across image sizes. This yields:
Hypothesis 1: Visual exploration increases with an increase of the
image size, which is reflected by a reduction in the central tendency
and an increase of entropy.
Furthermore, oculomotor constraints might also adapt with varying image sizes. Specifically, an increase of saccadic amplitudes
with increasing image size might support increased visual exploration. This yields:
Hypothesis 2: Visual exploration increases with an increase of
the image size, accompanied by an increase of saccade amplitudes.
As an effect of the adaption of oculomotor constraints to varying
image size, and due to the fixed presentation time of the stimuli,
we additionally hypothesized that exploitation would decrease with
larger image sizes. Instead, on larger images within the same presentation duration more fixations of shorter duration should be performed. This change would exemplify a shift from exploitation to
increased spatial exploration of the image. This yields:
Hypothesis 3: An increase of the stimulus size leads to more fixations of shorter duration per unit time interval, i.e. favoring exploration at the expense of reduced exploitation.

4.3

Methods

All participants gave written informed consent to participate in this
study. We performed the study in accordance with the guidelines of
the German Psychological Society. The experimental methods were
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approved by the Ethical Committee of the University of Osnabrück
(Germany).
4.3.1

Participants

Twenty-four participants (16 female) with a mean age of 21.38 years
(SD=3.00) took part in this study. All of them had normal or correctedto-normal vision and passed the Ishihara test for color blindness
[127]. Participants were told to freely observe the different images
on the screen.
4.3.2

Apparatuses

We used a 30” widescreen Apple Cinema HD Display (Apple, California, USA) for stimulus presentation. The screen had a native
resolution of 2560 ×1600 pixels. Participants were seated in a darkened room at a distance of 80 cm from the monitor. The seating
distance resulted in 55 pixels per visual degree. We did not fixate
the subject’s head with a headrest in order to facilitate comfortable
conditions. However, the experimenter verbally instructed the subjects not to make head movements during the experiment.
We recorded eye movements using a head-mounted Eye Link II
eye-tracker (SR Research Ltd.). The eye tracking system enclosed
three cameras: Two eye cameras (one for each eye) and one head
camera. The head camera recorded fixed infrared sensors attached
to the corners of the monitor, to constantly calculate the head position in relation to the screen. This guaranteed stable gaze recordings
based on eye movements, independent of residual involuntary head
movements. For validation, we found in a separate paradigm that
head movements of up to 10° lead to an eye drift of less than 0.5°.
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This matches approximately the accuracy of the eye tracker with respect to the averaged drift based on the calibration. Thus, the eye
tracker well compensates for the investigated range of head movements.
In order to calibrate the system, each participant had to fixate on
13 black circles that appeared consecutively at different screen locations. The size of the point was about 0.5°. The calibration was
validated afterwards by calculating the drift error for each point. The
calibration was repeated until the system reached an average accuracy of <0.3° for at least one eye. The eye with lower validation
error was automatically detected by the system and tracked. We
conducted monocular recordings with a sample rate of 500 Hz. Fixation locations and times were calculated online by the eye-tracker.
Saccade detection was based on a velocity of at least 30°/s and an
acceleration of at least 8000°/s2 . Either one (or both) of these criteria had to be met, to trigger a saccade signal. This saccade signal
had to be sustained for at least 4 ms for a saccade to be detected. The
temporal and spatial onset of the saccade was defined when the eyes
significantly moved from the fixation point, i.e. exceeding a motion
threshold. By default, we set this motion threshold to 0.1°. After
saccade onset, the minimal saccade velocity was 25°/s. Fixations
were defined as periods without saccades.
4.3.3

Stimuli

We used 360 static images assigned to three different categories.
The first category covered landscape images depicting natural environments like open landscapes, forests, or flowers, with an absence of any human-made objects. The second category covered
urban images showing, for example, house exteriors, streets, and
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vehicles. The stimuli of these two categories were used in several previous studies [13, 128, 80], and images of these kinds are
widely used in eye-tracking research [179, 180, 181]. The third category contained screen shots from existing webpages provided by
the EyeQuant company (WhiteMatter Labs GmbH). To avoid habitual viewing patterns, we only used webpages that were not highly
popular like major news feeds. Webpages were included in the study
as they are also stimuli of high interest in the context of eye movement analyses [138, 76, 182]. They were also included due to their
different geometrical structure, which leads, among other things, to
the relocation of the central fixation bias found for natural images
[27, 28, 29] to the left upper corner among European participants
[34, 155]. All images were scaled up to 2560 × 1600 pixels by bicubic interpolation. The 30” images were resized to smaller image
sizes during the experiment. The stimulus size reduced gradually
according to the following equations:
1
Y d = √ ∗ 1600
2L

(4.1)

1
X d = √ ∗ 2560
2L

(4.2)

where Xd and Yd are the two-dimensional coordinates of the desired stimulus resolution, and L denotes the level of size reduction
that had to be calculated based on the full-size screen resolution (30”
diagonal; 46.5°× 29.1°). In addition to the 30” images, we computed four more levels of stimulus size, which resulted in scaled
sizes of 1810 × 1131 pixels (≈ 21” diagonal; 32.9°× 20.6°), 1280
× 800 pixels (≈ 15” diagonal; 23.3°× 14.5°), 905 × 565 pixels (≈
10” diagonal; 16.5°× 10.3°), and 640 × 400 pixels (≈ 7” diagonal;
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11.6°× 7.3°) (Fig. 4.1a). The background color for images that were
smaller than full size was set to neutral gray (RGB: 128/128/128). In
contrast to the scaled images, the cropped images were realized by
extracting a corresponding central section of the original 30” images
(Fig. 4.1a). Figure 4.1b visualizes the increase of image size.
4.3.4

Procedure

The experiment was divided into four equally long sessions (90 images per session), each consisting of five blocks (Fig. 4.2). Per
block, we presented 18 equally sized images (six of each image category) in a random order, where half of them were cropped and half
of them were scaled. Each image was randomly assigned to one of
the five possible image sizes and to the scaled or cropped condition.
For statistical analyses, half of the 30” images observed by one participant were randomly assigned to the scaled condition, while half
of them were assigned to the cropped condition. The blocks were
also presented in random order within a session and across participants. Each image of the whole stimulus set occurred only once per
participant. The images were centered on the screen and presented
for 6 s each, following previous studies [13, 128, 80]. Between trials, participants had to fixate a central dot used for drift correction
and to reset the eye position to the center of the screen.
4.3.5

Dependent variables

We computed several eye-tracking parameters, including the number of fixations, the mean duration of single fixations, saccade amplitude, and the distribution of fixations regarding central tendency
and entropy.
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Figure 4.2: Structure of one of four experimental sessions with randomized order
of blocks. Within each block, 18 images (6 images per category) of the same size
were presented for 6 s each.
Single fixations and saccade amplitude

For the number of single fixations, we added up all fixations within
a trial. However, the first fixation was excluded from the analysis
as it was a direct consequence of the preceding fixation dot used for
drift correction. We also excluded invalid fixations that were placed
outside the image borders of the respective image size (7”: 2.65%;
10”: 2.20%; 15”: 1.59%; 21”: 1.15%; 30”: 1.08%).
The duration of a fixation was calculated by subtracting its temporal onset from its temporal offset. Fixations with a duration of less
than 50 ms (2.16% of all fixations) or more than two standard deviations above the grand mean over all participants (cut-off at 649.72
ms; 3.27% of all fixations) were excluded to avoid biased results that
could derive from outliers [13, 128]. All remaining fixations that did
not meet our exclusion criteria were labeled as valid fixations.

110

Exploration and exploitation in natural viewing behavior

Saccade length was operationalized by the Euclidean distance between two consecutive fixations marked by their coordinates in the
two-dimensional image space. We excluded invalid saccades when
either the pre-saccadic or post-saccadic fixation was located outside
of the image region (7”: 4.40%; 10”: 3.64%; 15”: 2.61%; 21”:
1.86%; 30”: 1.69%).
Fixation density maps and entropy

We characterize the spatial bias in the form of the central tendency
separately for both cardinal directions. That is, we computed the
marginal distribution of fixations in the horizontal and vertical directions within the two-dimensional image space (Fig. 4.3c). By calculating the standard deviation of these distributions, we estimated
the magnitude of eccentricity along the vertical and horizontal axes,
respectively. This procedure amounts to the root-mean-square distance of fixations from the center of gravity of all fixations. When
the standard deviation in horizontal and vertical direction is small,
fixations are concentrated near the center, indicating a strong central
tendency. When the standard deviations are large, the fixations are
more evenly distributed in the visual field and the central tendency
is weak.
To investigate the fixation distribution independently of specific
geometrical arrangements, we employed the concept of entropy. We
convolved the spatial distribution of fixations (fixation density map,
FDM) with a Gaussian kernel. The full width at half maximum
(FWHM) of the Gaussian kernel defining the size of the patch was
set to 1° of visual angle [128, 80, 137, 71, 34]. We selected the
size of the Gaussian kernel to approximately match the size of the
central part of the fovea. Therefore, and because absolute entropy
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values depend on the kernel’s size [80], it was set constant for all
image sizes. The entropy E of the resulting fixation density map
x for participant p observing image i was calculated by means of
the standard MATLAB function (MathWorks, Inc.) according to the
following equation [128, 80, 34].
E(h, p) = −

X

FDM(x, i, p) ∗ log2 FDM(x, i, p)

(4.3)

A higher entropy value indicates a more spread out fixation distribution and hence a more exploratory viewing behavior. In the
next step, we applied a straightforward bootstrapping technique to
the entropy values, since estimators of entropy are generally influenced by sample sizes [183] and, in the domain of eye-tracking data,
by a smaller number of fixations [184]. We randomly sampled nine
fixations out of all valid fixations made in a trial and calculated the
corresponding entropy value. This process was repeated 500 times,
and we finally calculated the mean entropy E of participant p on
image i according to previous studies [128, 137, 71, 34]. The target sample size of nine fixations was selected according to previous
studies that also analyzed entropy on natural images presented for
6s [128] in order to maintain sufficient statistical power [184] and to
keep the number of excluded trials with fewer fixations to a minimum (5.08%).
Please note, that the central tendency and entropy characterize two
distinct measures that can yield independent results. For example,
a subject may fixate two regions of the image outside of the central
part with large spatial distance. However, within each image region,
the subject makes several fixations that are close together. Thus, the
central tendency will be weak, as the average distance of the fixated
image regions from the center is large. However, the entropy will be
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small indicating a clustering of fixations in only a small fraction of
image regions.
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Figure 4.3: The distribution of fixations in terms of a fixation density map in the
two-dimensional image space for (a) urban image in the scaled condition and (b)
cropped condition. (c) Sketch showing the eccentricities of the fixation distribution in horizontal and vertical directions. The extent of the eccentricity was measured by the standard deviation. (d) Eccentricities of urban images in the scaled
and cropped condition in horizontal and vertical directions for all image sizes.
Plots for scaled (e) and cropped (f) images indicate the extent of the eccentricities
measured by the standard deviation depending on image category and image size.
Error bars indicate the standard error of the mean.
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Results
The spatial bias as captured by the central tendency and entropy

Our first hypothesis stated that visual exploration increases with increasing image size, which is reflected by a reduction of the central tendency and an increase of entropy. Therefore, we investigated
the distribution of fixations for each image size. The resulting twodimensional density maps of fixations (Fig. 4.3a and b) capture the
corresponding data.
First, we analyzed the central tendency assessed by the eccentricities of the fixation distribution in horizontal and vertical directions.
The extent of the eccentricity was measured by the standard deviation (see Methods). Based on these values, we calculated two 2
(image condition: scaled verses cropped) × 3 (image category: webpages versus urban images versus landscape images) × 5 (image
size) repeated measures ANOVA (Greenhouse-Geisser applied) for
the horizontal and vertical eccentricity, respectively. With respect to
the horizontal direction, we found a main effect of image size reflecting a reduction of the central tendency (i.e., increasing standard deviations) with increasing image size. This is compatible with the first
hypothesis. However, as shown in Table 4.2, we also found significant two-way and three-way interactions. Hence, we computed a set
of contrasts comparing all pairs of image sizes (Bonferroni-adjusted
alpha level: α = 0.0008) separately for each image category and the
two image conditions. The results showed that the central tendency
in horizontal direction continuously decreased with increasing image size for all image categories and both image conditions [all ts ≥
6.671; ps < 0.0008] (Fig. 4.3e and f). Hence, the significant interac-
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Effect
Main effects
Image condition
Image category
Image size
Two-way interactions
Image condition × image category
Image condition × image size
Image category × image size
Three-way interaction
Image condition × image category
× image size

F

p

η2p

44.207
52.366
762.114

<0.001
<0.001
<0.001

0.658
0.695
0.971

46.106
15.081
40.557

<0.001
<0.001
<0.001

0.667
0.396
0.638

7.144

<0.001

0.237

Table 4.2: Results of the 2 × 3 × 5 (image condition × image category × image
size) ANOVA for the central tendency in the horizontal direction.

tions derived from different effect sizes; for example, the decrease of
the central tendency from 21” to 30” images in horizontal direction
was less pronounced on cropped webpages compared to other contrasts. For a detailed presentation of all paired contrast, see Table
6.1 in the online supplementary file.
With respect to the eccentricity in vertical direction, the ANOVA
revealed a main effect of the image size, which was again qualified
by image category and image condition, as indicated by significant
two-way interactions (see Table 4.3). However, paired t-tests (see
Table 6.2 in the online supplementary file) again showed that the
strength of the central tendency in vertical direction continuously
decreased with increasing image size in all image categories and
both image conditions [all ts ≤ 8.953; ps < 0.0008].
Overall, we found that the central tendency decreased with image
size for all image categories and conditions, supporting Hypothesis
1.
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Effect
Main effects
Image condition
Image category
Image size
Two-way interactions
Image condition × image category
Image condition × image size
Image category × image size
Three-way interaction
Image condition × image category
× image size

F

p

η2p

26.669
201.006
730.583

<0.001
<0.001
<0.001

0.537
0.897
0.969

4.493
9.251
74.004

<0.050
<0.005
<0.001

0.163
0.287
0.763

1.700

0.174

0.069

Table 4.3: Results of the 2 × 3 × 5 (image condition × image category × image
size) ANOVA for the central tendency in the vertical direction.

To investigate whether this change in central tendency was linear,
we applied a lack-of-fit F-test comparing the curve of the measured
data, the standard deviation of the spatial distribution, with a linear
regression fitted to these data. Thus, we investigated whether the
linear model was an adequate estimate for the observed data. In the
scaled conditions, the results showed no deviation from linearity in
either the horizontal or the vertical direction across all image categories [all Fs ≤ 1.193, ps ≥ 0.316, R2 ≥ 0.918]. This indicates
that the linear model estimated the observed data adequately. In the
cropped condition, the results revealed no deviation from linearity in
either direction for landscape images [both Fs ≤ 0.501, ps ≥ 0.682,
R2 ≥ 0.925]. In the urban category, results showed no deviation from
linearity in the horizontal direction only [F = 1.740, p = 0.163, R2 =
0.955], whereas in the vertical direction, the observed data deviated
significantly from linearity [F = 9.159, p < 0.001, R2 = 0.916]. In
fact, as shown in Fig. 4.3f, the curve for urban pictures in the vertical direction showed a slight flattening between 21” and 30” images,
and thus it is not fully described by a linear decrease of the central
tendency. However, in general, the slope followed a linear trend,
as also indicated by the high R2 of 0.916. With respect to cropped
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webpages, the deviation between the observed data and the linear regression model was significant in both directions [both Fs ≥ 6.316,
ps ≤ 0.001, R2 ≤ 0.942]. Again, Fig. 4.3f shows that the curves
representing an increase of the spatial bias on webpages in both directions showed a slight flattening between 21” and 30” images, but
still represent a rather linear trend [both R2 ≥ 0.919]. Overall, in
both the scaled and cropped condition, the standard deviation of the
spatial distribution of fixations increased in a mainly linear fashion
fully compatible with the Hypothesis 1.
In the next step, we analyzed the entropy quantifying the extent of
exploratory viewing behavior independently of specific geometrical
arrangements. We calculated the entropy for each participant in each
trial in order to run the 2 × 3 × 5 (image condition × image category
× image size) repeated measures ANOVA. We found a main effect of
the image size, compatible with Hypothesis 1. This main effect was
further qualified by image category and image condition (Fig. 4.4),
as shown by two-way and three-way interactions (see Table 4.4).
Paired t-tests (Bonferroni-adjusted alpha level: α = 0.0008) showed
that the entropy continuously increased with increasing image size
in all image categories and both image conditions [all ts ≥ 7.688;
ps < 0.0008], except the step from 21” to 30” urban images in the
cropped condition. For a detailed presentation of all paired contrast,
see Table 6.3 in the online supplementary file.

We again compared the observed data with a linear regression
model by means of a lack-of-fit F-test. In the scaled condition,
the results showed a significant deviation from linearity for all image categories [all Fs ≥ 43.923, ps ≤ 0.001, R2 ≤ 0.733]. Indeed,
Fig. 4.4 suggests that the increase of entropy across image sizes
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Figure 4.4: Geometrically independent distribution of fixations in image space
operationalized by entropy for each image category and size. Error bars indicate
the standard error of the mean.

followed a rather logarithmic trend. Therefore, we used a lack-offit F-test comparing the observed data with a log-linear regression
model. For this, we computed the natural logarithm for each image
size. We then applied a linear regression to the log-transformed data
and tested whether the linear model was adequate to describe the
log-transformed data. The results of the lack-of-fit F-test again revealed a significant deviation from linearity in the log-transformed
data for all image categories [all Fs ≥ 16.377, ps ≤ 0.001, R2 ≤
Effect
Main effects
Image condition
Image category
Image size
Two-way interactions
Image condition × image category
Image condition × image size
Image category × image size
Three-way interaction
Image condition × image category
× image size

F

p

η2p

165.714
9.009
799.499

<0.001
<0.005
<0.001

0.878
0.281
0.972

22.905
55.787
9.254

<0.001
<0.001
<0.001

0.499
0.708
0.287

3.492

<0.050

0.132

Table 4.4: Results of the 2 × 3 × 5 (image condition × image category × image
size) ANOVA for entropy
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0.864]. Hence, the entropy did not increase logarithmically with increasing image size in the scaled condition. Yet, correlations for all
image categories indicated that the log-linear regression model was
a slightly better model for describing the observed data [all R2 ≥
0.763] than the linear model [all R2 ≤ 0.733].
In the cropped condition, the results of the linear regression model
revealed a significant deviation from linearity for all image categories [all Fs ≥ 27.128, ps ≤ 0.001, R2 ≤ 0.689]. Again, Fig. 4.4
indicates that the slope was logarithmic rather than linear. Therefore, we tested the linear regression model with the log-transformed
data. The results revealed a significant deviation from linearity in
the log-transformed data [all Fs ≥ 9.631, ps ≤ 0.001, R2 ≤ 0.827].
Hence, the entropy did not increase logarithmically with increasing
image size in the cropped condition. However, correlations for all
image categories indicated that the log-linear model was more adequate for describing the data [urban images & landscapes: both R2 ≥
0.826; webpages: R2 = 0.712] than the linear model [urban images
& landscapes: both R2 ≤ 0.680; webpages: R2 = 0.607]. Overall, the
entropy generally increased with increasing image size in both the
scaled and cropped conditions, but not in an exclusively logarithmic
fashion.
To summarize, visual exploration in terms of the distribution of
fixations showed a decrease with respect to the central tendency and
an increase of entropy with increasing image size best but not completely described by a logarithmic function. These signatures were
comparable between the scaled and the cropped conditions and occurred across all image categories, providing strong support for Hypothesis 1.
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Effect
Main effects
Image condition
Image category
Image size
Two-way interactions
Image condition × image category
Image condition × image size
Image category × image size
Three-way interaction
Image condition × image category
× image size

F

p

η2p

198.224
119.327
1075.426

<0.001
<0.001
<0.001

0.896
0.838
0.979

20.031
29.219
65.063

<0.001
<0.001
<0.050

0.465
0.560
0.739

3.492

<0.050

0.108

Table 4.5: Results of the 2 × 3 × 5 (image condition × image category × image
size) ANOVA for saccade amplitudes

4.4.2

Saccade amplitude

The next set of analyses addressed changes in the distribution of saccadic amplitudes. As we found that visual exploration in terms of
central tendency and entropy scaled with image size, we evaluated
whether saccade amplitude contributed to these changes in exploration. For the analysis of the mean saccade amplitude, we again
computed a 2 × 3 × 5 (image condition × image category × image
size) ANOVA. We found three main effects but also significant twoway and three-way interactions (see Table 4.5). Subsequent contrasts comparing all pairs of image sizes (Bonferroni-adjusted alpha
level: α = 0.0008) separately for each image category and the two
image conditions showed that saccade amplitudes continuously increased with increasing image size independent of image category
and image condition [all ts ≥ 6.629; ps < 0.0008, see Table 6.4 in
the online supplementary file]. Hence, the significant interactions
reflected different effect sizes associated with changes in image size
(see Fig. 4.5a). Overall, we found that the saccade amplitudes continuously increased with image size for all image categories and conditions, supporting Hypothesis 2.
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In order to classify the slope of the increasing saccade amplitude,
we again used a lack-of-fit F-test that compared the measured data
with a linear regression model. The results revealed no deviation
from linearity in any of the image categories in the scaled condition [all Fs ≤ 0.992, ps ≥ 0.399, R2 ≥ 0.846], indicating that the
linear regression model was an adequate model for describing the
slope of the observed data. In the cropped condition, the results revealed a significant deviation from linearity for webpages only [F
= 3.941, p = 0.010, R2 = 0.780], but not for urban and landscape
images [both Fs ≤ 1.821, ps ≥ 0.147; R2 ≥ 0.849]. Indeed, Fig.
4.5a shows that, in the cropped condition, the increase of the mean
saccade amplitude for webpages did not coincide with the progression of the curves in the urban and landscape categories, but rather
flattened with increasing image size. Therefore, we tested whether
the curve for webpages followed a logarithmic trend. We computed
the natural logarithm for each image size and computed a linear regression for the log-transformed data. The lack-of-fit F-test revealed
no significant deviation from linearity in the transformed data [F =
0.877, p = 0.455, R2 = 0.796], thus indicating a logarithmic trend in
the original data. Overall, our results indicate a linear increase of the
mean saccade amplitude with increasing stimulus size for all image
categories in the scaled condition, as well as for urban and landscape
images in the cropped condition.
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Figure 4.5: (a) Increase of the mean saccade amplitude across image sizes depending on image category and condition (scaled vs. cropped). Error bars indicate
standard error of the mean. (b) Sketch of the two alternative models describing
how the distribution of saccade amplitudes would change with varying image size.
(c) Real distribution of saccade amplitudes on urban images for each image size
in scaled and cropped conditions. Vertical dashed lines indicate the median saccade amplitude. (d) Real distribution of saccade amplitudes on 7” urban images
and 30” urban images and the simulated distribution for 7” urban images based
on saccades sampled from 30” urban images.
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The increase of the mean saccade amplitude for larger images
could have different sources. On the one hand, with increasing image size, the distribution of saccade amplitudes could be shifted toward longer saccades (shift model, Fig. 4.5b). That is, the probability of a specific saccadic amplitude p(asac , simage ) while viewing
an image of a specific size (simage ) is determined by an additive constant: p(asac , simage ) = p(asac + κ(simage ), 7”). Here κ is only a (linear)
function of image size but independent of the saccadic amplitude.
This naive model adds a constant κ to all saccadic amplitudes. On
the other hand, observed distributions of saccade amplitudes when
viewing images of different sizes could be derived from a single underlying distribution. We defined the corresponding variable truncation model (see Fig. 4.5b) by the following properties: the oculomotor system produces saccadic amplitude candidates characterized by
a single distribution, independent of image size. However, saccade
candidates to targets outside the image region are always discarded.
Furthermore, saccade candidates targeting regions within the viewed
image are discarded with a probability proportional to 1 minus the
spatial bias of that region (Fig. 4.5b). This model, by construction, produces a distribution of saccadic targets compatible with the
spatial bias observed on smaller images. Whether the generated distribution of saccadic amplitudes matches the observed distribution
is an empirical question addressed below.
In a first step, we calculated the distribution of observed saccades
for all image sizes. For this analysis, we binned the saccade amplitudes into steps of 0.5°, with the visual angle ranging from 0° up to
20°. We then normalized all frequencies of the saccade amplitudes
by dividing the absolute frequencies of each bin by the total number
of saccade amplitudes, resulting in probability distributions. This
procedure was done individually for each subject and separately for
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each image category in both conditions. We then averaged the probability distributions over subjects individually for each image size
and image condition obtaining the mean distribution of saccade amplitudes (Fig. 4.5c). Further, we calculated the variance of each
probability distribution, which was required for statistical analyses.
For the comparison of two distributions (dist1 & dist2), we used chisquared tests including the difference of means (∆µ) and the overall
variance (∆σ2) of the tested distributions:
r
∆σ =

σdist1 2 σdist2 2
+
n
n

(4.4)

with
∆µ = ydist1 − ydist2

(4.5)

bins
X
∆µi 2
χ =
∆σi 2
i=1

(4.6)

and
2

Please note that larger χ2 values indicate a higher difference between the two compared distributions. This test weights the squared
difference of means at a specific saccadic amplitude by the inverse
of the variance, thus giving higher weight to those amplitudes with
higher certainty.
In order to check whether the data were compatible with the shift
model, we compared the observed distribution of saccades on 7” images with the distribution observed on 30” images. As shown by Fig.
4.5c, a significant difference between the two distributions existed
for all image categories in the scaled condition [all χ2 ≥ 1544.064;
ps < 0.001] and in the cropped condition [all χ2 ≥ 1157.589; ps <
0.001]. Hence, the data did not support the shift model.
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For a quantitative description of the variable truncation model, we
pooled the saccades for the 30” images for each image category.
This distribution served as an approximation of the basic probability
distribution of saccadic amplitude candidates independent of image
size. Then, we randomly sampled saccades from this pool and applied each sampled saccade to a randomly sampled fixation of a 7”
image of the same image category from which we sampled the saccade. The sampling process was done using a bootstrapping method
producing 10,000 candidate saccades. From these candidates, we
rejected sampled saccades when their pointing target, based on the
given fixation, exceeded the border of the 7” image (Fig. 4.6). Further, we integrated information of the spatial bias of the desired image size. Saccade candidates were more likely not to be rejected
proportional to the values of the spatial bias in the target region:
we used the fixation distribution in horizontal and vertical direction characterized by the spatial bias (Fig. 4.3d) as a probability
model, showing how likely it was that a fixation would occur at the
respective spatial locations across the image dimensions (probability
ranged from 0 to 1). We then sampled a random number in the interval between 0 and 1. Fixations were only accepted if the random
number was lower than the calculated likelihood of a fixation occurring at the target location based on the spatial bias. With the accepted
saccades, we again computed a probability distribution. Similar to
the observed data distributions, we calculated these simulation models individually for each subject with respect to his or her observed
data. We then averaged over subjects (individually for each image
size and image condition) and calculated the mean simulated distributions, as well as the variances of these mean distributions. These
computational steps defined the variable truncation model.
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Figure 4.6: Graphical illustration of the sampling strategy applied to create the
simulated distribution of saccade amplitudes of 7” images. Amplitude and angular direction of a randomly chosen saccade made on a 30” image was applied on
a randomly selected fixation made on a 7” image. When the target of the corresponding saccade fell into the image coordinates of the 7” image, the saccade
was “accepted” for the simulated distribution of saccade amplitudes (upper row).
When the target position of the saccade was outside the image coordinates of the
7” image, the saccade was “rejected” (lower row).
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In the scaled condition, comparing the variable truncation model
with the real distribution of saccades observed on 7” images revealed
a good match with no significant difference for urban images [χ2 =
43.406, p = 0.289] (Fig. 4.5d). For webpages and landscape images
a reasonable fit was achieved as well, yet a significant difference
remained [both χ2 ≥ 77.229, ps < 0.001]. As a control, the comparison between the simulated distribution of saccades for 7” images
and the real distribution of saccades on 30” images was huge and
significantly different for all image categories [all χ2 ≥ 1674.026, ps
< 0.001]. Thus, the simulated distribution of saccade amplitudes in
the variable truncation model (7” sim. in Fig. 4.5d) significantly deviated from the real distribution of saccade amplitudes observed on
7” webpages and landscape images as well as from the real distribution of saccades observed on 30” images from each image category.
However, importantly, the chi-square values representing the model
fit showed that our simulated distribution described the actually observed saccades on 7” images much more accurately for all image
categories [all χ2 ≤ 227.469] than did the distribution of saccades
found on 30” images [all χ2 ≥ 1674.026], as exemplarily shown for
urban images in Fig. 4.5d. Overall, the simulated distribution served
well to explain the saccade amplitudes observed on 7” urban images.
With respect to webpages and landscape images, the simulation also
provided a more reliable model for explaining the distribution of
saccade amplitudes observed on 7” images than did the distribution
of saccade amplitudes found on 30” images.
In the cropped condition, we found a significant difference for all
image categories when comparing the real distribution with the simulated distribution for 7” images [all χ2 ≥ 78.945, ps < 0.001]. Comparing the simulated distribution with the real distribution observed
on 30” images also led to a huge and significant difference for all im-
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age categories [all χ2 ≥ 1422.864, ps < 0.001]. However, once again,
the simulation was still a much more reliable model for predicting
the real saccade distribution observed on 7” images [all χ2 (39) ≤
104.801] compared to the real distribution observed on 30” images
[all χ2 (39) ≥ 1422.864], as indicated by smaller chi-square values
(cf. Fig. 4.5d).
Overall, in both the scaled and cropped condition, we could explain the real distribution of saccade amplitudes observed on 7”
images by extracting small saccade amplitudes from the distribution observed on 30” images. This suggests that the distribution
of saccadic amplitudes can be explained by subsampling saccades
observed for larger stimuli. Apparently, the data suggest constant
oculomotor constraints, instead of a true adaptation of oculomotor
behavior to varying images sizes (Hypothesis 2).

4.4.3

Number of fixation and fixation duration

Hypothesis 3 states that an increase in the stimulus size leads to
a shift from exploitation with fewer fixations of longer duration to
exploration with more fixations of shorter duration.
We investigated visual exploration by comparing the total number
of fixations across image categories and sizes. We again computed a
2 × 3 × 5 (image condition × image category × image size) ANOVA
revealing significant main effects and interactions (see Table 4.6 and
Fig. 4.7a). The set of contrasts comparing all pairs of image sizes
(Bonferroni-adjusted alpha level: α = 0.0008) separately for each
image category and the two image conditions showed that the number of fixations increased with increasing image size on scaled webpages [all ts ≥ 4.979; ps < 0.0008]. On cropped webpages, as well
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Effect
Main effects
Image condition
Image category
Image size
Two-way interactions
Image condition × image category
Image condition × image size
Image category × image size
Three-way interaction
Image condition × image category
× image size

F

p

η2p

13.214
136.844
248.128

<0.005
<0.001
<0.001

0.365
0.856
0.915

17.285
3.371
15.740

<0.001
<0.050
<0.001

0.429
0.128
0.406

4.687

<0.001

0.169

Table 4.6: Results of the 2 × 3 × 5 (image condition × image category × image
size) ANOVA for the number of fixations

as landscape and urban images in both image conditions, results also
revealed a continuous increase of the number of fixations with increasing image size [all ts ≥ 3.874; ps < 0.0008], but the contrast
between 21” and 30” images did not reach the adjusted significance
level [all ts ≤ 3.492; ps ≥ 0.002]. In addition, the increase from 10”
to 15” scaled landscape images was not significant [t = -1.477; p =
0.153]. For details see Table 6.5 in the online supplementary file.
In summary, we found a general increase of the number of fixations
with increasing image size, supporting Hypothesis 3.
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Figure 4.7: (a) Increase in the number of fixations across image sizes depending
on image category for the scaled and cropped conditions. Error bars indicate
the standard error of the mean. (b) Graphical illustration showing that a higher
number of fixations on large images might have led to a re-fixation of already
seen image regions (upper row) or to a spatially more extensive exploration of
the image (lower row). (c) Mean number of fixated image regions depending on
image size and image category for the scaled and cropped conditions. Error bars
indicate the standard error of the mean.
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Next, we determined the form of the increase of fixations by searching for an adequate estimate of the slope. Analogous to the analysis
of saccade amplitudes, we used a lack-of-fit F-test to compare the
curves of the observed number of fixations with a linear regression
fitted to these data. This was done individually for each image category, and the results for the scaled and cropped conditions were
analyzed separately.
In the scaled condition, the results showed no significant difference between the linear regression and the real data for urban and
landscape images [both Fs ≤ 1.821, ps ≥ 0.147, R2 ≥ 0.244]. This
suggests that the increase of the number of fixations for urban and
landscape images could be explained in terms of a linear trend. However, as shown in Fig. 4.7a, the curve for landscape images showed
a slight concavity. Although our linear regression for landscape images already provided a good model for describing the data, we computed the natural logarithm for each stimulus size and applied a linear regression to the log-transformed data. For landscape images,
the results of the log-transformed model revealed no significant deviation from linearity [F = 0.378, p = 0.769, R2 = 0.271] and provided an even better model than the linear model, as indicated by
a slightly higher correlation [linear model: R2 = 0.244; log-linear
model: R2 = 0.271]. For webpages, the lack-of-fit F-test revealed a
significant deviation from linearity with regard to the original linear
model [F = 6.804, p ≤ 0.001, R2 = 0.575]. Consequently, the increase of the number of fixations observed for webpages could not
be explained by a linear model. In fact, Fig. 4.7a shows that the
curve for webpages also tends to follow a logarithmic rather than
a linear trend. Therefore, we again applied a linear regression to
the log-transformed data for webpages and found no significant difference between the models [F = 0.926, p = 0.431, R2 = 0.630].
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Hence, the log-transformed linear regression model well described
the increase of the number of fixations with increasing image size.
In the cropped condition, the lack-of-fit F-test revealed a significant deviation from linearity for webpages [F = 4.802, p = 0.003,
R2 = 0.478] and urban images [F = 2.821, p = 0.042, R2 = 0.418],
but not for landscape images [F = 1.561, p = 0.203, R2 = 0.245].
Thus, the increase of the number of fixations for webpages and urban images did not follow a linear trend. Therefore, we applied a
linear regression to the log-transformed data for each category. The
results revealed no significant deviation from linearity for webpages
or urban images [both Fs ≤ 0.767, ps ≤ 0.515, R2 ≥ 0.451]. Further,
the deviation from linearity in the log-transformed data also turned
out not to be significant for landscape images [F = 0.772, p = 0.512,
R2 = 0.260]. Correlation scores indicated that the log-transformed
regression described the increase of the number of fixations for landscape images better than the original linear regression [linear model:
R2 = 0.245; log-linear model: R2 = 0.260]. Thus, the number of fixations increased logarithmically with increasing image size in all
image categories in the cropped condition.
However, a higher number of fixations on larger images is not necessarily linked to higher visual exploration within the image. For
example, a magnification of details (scaled condition) in large images could lead to a re-fixation of already seen image regions. This
leads to a higher number of fixations without an increase of image
exploration (see schematic example in Fig. 4.7b). Note, that this
approach differs from the previous entropy analysis, in which we
showed that visual exploration increased in terms of a higher expansion of fixations. The expansion in entropy was a result of a larger
spatial dimension of large images and thus larger distances between
fixated regions of interest. In the current approach, we measured
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the exploration within the image in terms of the number of fixations
(Fig. 4.7b). To answer whether the increase of fixations on large images is linked to a spatially more extensive exploration of the image
(i.e. more fixated regions of interest), we calculated the number of
image regions that have been fixated on each image size and category for scaled and cropped condition. Following previous studies
[13, 185, 186] we applied a 5 × 5 grid to each image, resulting in
25 equally sized rectangular image regions. We then calculated the
number of fixated regions of each image and finally averaged over
all images of the same size and category. As the size of the 25 image
regions scaled with varying image size, a higher number of fixated
image regions thus shows a larger spatial exploration of the images.
We computed a 2 × 3 × 5 (image condition × image category ×
image size) ANOVA with the number of fixated regions as the dependent variable. We suggested, that more image regions had to be
fixated on larger images in order to show an increase of image exploration with increasing image size. The results of the ANOVA
revealed the predicted main effect of image size. However, we also
found that this main effect was qualified by image category and image condition, indicated by significant two-way and three-way interactions (Table 4.7). As shown in Fig. 4.7c, we did not find a continuous increase of the number of fixated regions with increasing image size. Using paired t-tests (Bonferroni-adjusted alpha level: α =
0.0008), we found a significant increase of the number of fixated image regions in the scaled condition from 7” to 30” landscape images
and webpages [both ts ≥ 4.896; ps < 0.0008]; some more contrasts
reached statistical significance (see Table 6.6 in the online supplementary file). On scaled urban images, the number of fixated image
regions did not significantly change with increasing image size [all
ts ≤ 2.745; ps ≥ 0.012]. In the cropped condition, we found no sig-
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Effect
Main effects
Image condition
Image category
Image size
Two-way interactions
Image condition × image category
Image condition × image size
Image category × image size
Three-way interaction
Image condition × image category
× image size

F

p

η2p

59.223
10.832
17.429

<0.001
<0.005
<0.001

0.720
0.320
0.431

22.169
8.557
4.422

<0.001
<0.001
<0.005

0.491
0.271
0.161

3.156

<0.010

0.121

Table 4.7: Results of the 2 × 3 × 5 (image condition × image category × image
size) ANOVA for the number of fixated regions

nificant difference of the fixated image regions across image sizes
in all categories [all ts ≤ 3.651; ps ≥ 0.001], except an increase of
fixated image regions from 7” to 21” cropped urban and landscape
images [both ts ≥ 4.311; ps < 0.0008].

Overall, the number of fixated image regions increased with increasing image size on scaled webpages and landscape images, reflecting a more spatially extensive exploration within larger images.
We did not find this increase on scaled urban images. In the cropped
condition, the number of fixated image regions did not change across
image sizes, with two exceptions. However, by looking at the definition of the cropped condition, we constantly added information to
the periphery when increasing the image size. In contrast, the sizes
of the image regions we used in our analysis scaled linearly with
the image size to maintain the same amount of image regions (n
= 25). Consequently, on larger images in the cropped condition, the
individual image regions contained more information of the scenery.
Therefore, the constant number of fixated image regions across varying image sizes that we observed indicates more exploration in the
cropped condition.
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In conclusion, the initially observed increase in the number of fixations on larger images coincided with a more spatially extensive
exploration in both image conditions and all image categories, except scaled urban images.
Hypothesis 3 also stated that the exploitation decreases with increasing image size, which is indicated by shorter fixation durations.
Accordingly, we examined the mean duration of individual fixations
depending on image category and image size. We computed a 2 × 3
× 5 (image condition × image category × image size) ANOVA with
the mean fixation duration as the dependent variable. As predicted,
we found a main effect of the image size additionally qualified by
image category and image condition (see Table 4.8 and Fig. 4.8a).
Paired t-tests (Bonferroni-adjusted alpha level: α = 0.0008) revealed
a continuous decrease in fixation durations on scaled webpages and
urban images [all ts ≥ 4.504; ps < 0.0008]. On scaled landscape images as well as on cropped images of all categories we also found a
continuous decrease in fixation durations with increasing image size,
but some contrasts did not reach the adjusted significance level (see
Table 6.7 in online supplementary file). Overall, fixation durations
decreased constantly with stimulus size in both image conditions
and all image categories.

Next, we investigated the form of the decrease in fixation durations. We again started with a linear regression for the data. In
the scaled condition, the lack-of-fit F-test revealed a significant deviation from linearity for webpages [F = 4.528, p = 0.005, R2 =
0.616], but not for urban and landscape images [both Fs ≤ 2.219,
ps ≥ 0.090, R2 ≥ 0.279]. This result showed that the linear model
was already sufficient for describing the decrease in fixation dura-
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Figure 4.8: (a) Decrease of the mean fixation duration across image sizes for all
image categories depending on scaled and cropped conditions. Error bars indicate the standard error of the mean. (b) Real distribution of fixation durations for
urban images depending on image size and condition (scaled vs. cropped). (c)
Real distribution of fixation durations on 7” and 30” images as well as the simulated distribution for 7” urban images based on fixations sampled from 30” urban
images.
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Effect
Main effects
Image condition
Image category
Image size
Two-way interactions
Image condition × image category
Image condition × image size
Image category × image size
Three-way interaction
Image condition × image category
× image size

F

p

η2p

57.653
206.799
243.015

<0.001
<0.001
<0.001

0.715
0.900
0.914

24.018
7.292
3.904

<0.001
<0.005
<0.005

0.511
0.241
0.145

3.876

<0.005

0.144

Table 4.8: Results of the 2 × 3 × 5 (image condition × image category × image
size) ANOVA for fixation duration

tions for urban and landscape images. However, as shown in Fig.
4.8a, we observed a flattening of the curves with increasing image
size for all image categories. Hence, we calculated the natural logarithm for each image size and applied a linear regression to the logtransformed data. Results of the lack-of-fit F-test were not significant for any of the image categories [all Fs ≤ 0.298, ps ≥ 0.827, R2
≥ 0.290], indicating that the log-transformed model also adequately
described the data. Moreover, it turned out to be a slightly more precise model for urban and landscape images than the original linear
regression model, as indicated by higher correlations [urban linear
model: R2 = 0.433; urban log-linear model: R2 = 0.463; landscape
linear model: R2 = 0.279; landscape log-linear model: R2 = 0.290].
Hence, the mean fixation duration decreased rather logarithmically
with increasing stimulus size for all image categories in the scaled
condition.
In the cropped condition, the results of the lack-of-fit F-test revealed a significant deviation from linearity for webpages [F = 3.800,
p = 0.012, R2 = 0.425] and urban images [F = 4.034, p = 0.009,
R2 = 0.395], but not for landscape images [F = 1.066, p = 0.366,
R2 = 0.281]. This indicates that the decrease in the mean duration
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of fixations on webpages and urban images did not follow a linear
trend, as shown in Fig. 4.8a. Again, we computed the natural logarithm for each image size and applied a linear regression to the
log-transformed data. We found no significant deviation from linearity for any of the image categories [all Fs ≤ 1.018, ps ≥ 0.387, R2
≥ 0.295]. Moreover, the log-linear model turned out to describe the
decrease in fixation durations for landscape images slightly better
than the original linear model [linear model: R2 = 0.281; log-linear
model: R2 = 0.295].
Overall, the mean duration of fixations decreased with increasing stimulus size in all image categories in both the scaled and the
cropped condition, whereby the decrease was best described by a
logarithmic trend.
In addition to the above observations, fixation durations might
be influenced by other parameters. First, previous studies showed
mixed results about the dependency between the duration of a fixation and its pre-saccadic amplitude [8, 176]. Second, as shown in
our analysis above, larger images led to longer saccade amplitudes.
Also, an increase of saccade amplitudes leads to longer durations of
saccades [177, 178]. Hence, in this study, larger image sizes might
have led to a larger fraction of time spent on saccades. In summation, this higher duration of saccades could reduce the remaining
time available for fixations, as the temporal stimulus presentation
was fixed across all image sizes. This reduction of time could be
the reason why the increase in the number of fixations saturated on
large images (cf. Fig. 4.7a). This in turn would then explain the
logarithmic decrease that we found regarding fixation durations. To
get a deeper understanding of the fixation duration results, we thus
examined this issue in more detail.

4.4 Results

139

First, we focused on the dependency between fixation durations
and pre-saccadic amplitudes, by analyzing the distribution of fixation durations for all images. Based on the measured data, we calculated the frequencies of the mean fixation duration for each image
category and size (Fig. 4.8b). The frequencies were divided into
40 bins covering the range from 100 ms to 500 ms. We normalized
these frequencies with regard to the total number of fixations. Then,
we applied the same simulation model as previously used for the distribution of saccade amplitudes (see above). Specifically, we applied
randomly selected saccades from 30” images to randomly selected
fixations from 7” images. For each valid (i.e., non-rejected) saccade we extracted the duration of the pre-saccadic fixation and calculated the corresponding frequency distribution. Importantly, given
that this simulation process adequately predicted the distribution of
small saccade amplitudes on the basis of the amplitudes for large
images (see results above), the same will hold for fixation durations
if they are tied to saccade amplitudes. Using chi-square tests and a
model that was closely analogous to the variable truncation model
for saccade amplitudes, we analyzed the real distribution of fixation
durations found for 7” images and 30” images as well as the simulated distribution for 7” images based on data from the 30” images.
This analysis was done separately for each image category, and the
data was further separated for the scaled and cropped condition.
In the scaled condition, as exemplarily shown for urban images
in Fig. 4.8c, comparing the simulated distribution of fixation durations with the real distribution for 7” images revealed a strong and
significant effect for each image category [all χ2 > 124.518, ps <
0.001], indicating a significant difference between modeled and actually observed data. The comparison of the simulated distribution
and the distribution of fixation durations found for 30” images did
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not show a significant difference in any of the image categories [all
χ2 < 32.852, ps ≥ 0.745]. Therefore, the simulated distribution of
fixation durations for 7” images, extracted from 30” images, could
not predict the real data found for 7” images; instead, it matched the
distribution found for 30” images.
In the cropped condition, the simulated distribution for 7” images
also strongly and significantly differed from the distribution actually
found for 7” images of all categories [all χ2 ≥ 103.459, ps < 0.001].
By contrast, when comparing the simulated distribution for 7” images with the distribution observed for 30” images, no significant
difference occurred for any of the image categories [all χ2 ≤ 28.539,
ps ≥ 0.891]. Thus, as for scaled images, the simulated distribution
of fixation durations for 7” images could not predict the real data
found for 7” images; instead, it matched the distribution found for
30” images.
Overall, the simulation model based on saccade amplitudes did not
explain the change in fixation durations across image sizes (cf. Figs
4.5d and 4.8c). The decrease in fixation durations with increasing
image size was not a result of a dependency between saccade amplitude and fixation duration. Saccade amplitude and fixation duration
were independent of each other.
In the next step, we focused on the influence of saccade durations on the logarithmic decrease of fixation durations. We initially
computed the saccade amplitude and its respective duration for each
saccade in our experiment. To exclude outliers, we used the same
procedure as for fixation durations. We excluded saccade durations
that were two standard deviations above the grand mean (cut-off:
64.38 ms; 3.02% of the data). Further, we excluded saccades that
targeted or originated outside of the respective image size (3.37% of
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the data). Using a Pearson correlation test, we found a positive linear dependency between saccade amplitudes and saccade durations
[R2 = 0.820, p < 0.001]. Longer amplitudes led to longer durations
of saccades (Fig. 4.9a).

Figure 4.9: (a) Positive correlation between the amplitude and duration of a saccade. (b) The increase of the mean saccade duration across image sizes depending
on image category and condition (scaled vs. cropped). Error bars indicate standard error of the mean.
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Effect
Main effects
Image condition
Image category
Image size
Two-way interactions
Image condition × image category
Image condition × image size
Image category × image size
Three-way interaction
Image condition × image category
× image size

F

p

η2p

220.622
221.057
472.506

<0.001
<0.001
<0.001

0.906
0.906
0.954

25.137
16.927
38.448

<0.001
<0.001
<0.001

0.522
0.424
0.626

2.384

<0.050

0.094

Table 4.9: Results of the 2 × 3 × 5 (image condition × image category × image
size) ANOVA for saccade durations

Next, we calculated the average saccade duration for each image
category and image size and computed a 2 × 3 × 5 (image condition × image category × ?image size) ANOVA. We suggested that
larger images led to longer saccade durations due to longer saccade
amplitudes. As predicted, the ANOVA revealed a main effect of the
image size that was additionally qualified by image category and image condition (Fig. 4.9b and Table 4.9). Paired t-tests (Bonferroniadjusted alpha level: α = 0.0008) showed that saccade durations
continuously increased with increasing image size in all image categories and both image conditions [all ts ≥ 4.265; ps < 0.0008]. The
significant interactions reflected different effect sizes. Results for all
contrasts are depicted in Table 6.8 in the online supplementary file.
Overall, we found that saccade durations increased with increasing
image size in all image categories of both image conditions.

Finally, with a lack of fit F-test, we could show that the increase
of saccade durations with image size followed a logarithmic trend in
each image category of both, the scaled and cropped condition [all
Fs ≤ 1.743, ps ≥ 0.162, R2 ≥ 0.575].
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Overall, we saw that larger images indeed led to longer saccade
durations as an effect of longer saccade amplitudes. This effect followed a logarithmic trend in all image categories in the scaled and
cropped. Therefore, the time available for doing fixations, given the
fixed stimulus presentation duration, was reduced when observing
large images. This effect influenced the duration of fixations. However, the difference in saccade durations across image sizes was in
the order of magnitude of 20 ms, much lower compared to the average change in fixation durations (cf. Figs 4.8a and 4.9b). The
overall time spent on saccades was on average 277.43 ms longer
on 30” images compared to 7” images. This time describes a number of 1-2 fixations that had to be sacrificed on 30” images due to
higher saccade durations. But even given this effect, the total number of fixations increased on larger images. Furthermore, such a
small number was not sufficient to explain the observed decrease in
fixation durations with larger images. Concluding, we assume that
although saccade durations increased with image size, they have by
themselves only a limited effect on the number and duration of fixations.

To summarize, the decrease of fixation duration with increasing
image sizes did not depend on the saccade amplitudes and only were
weakly affected by saccade durations and latencies. For the major
part, the decrease of fixation durations was a consequence of an increasing number of fixations and thus increased visual exploration
fully compatible with Hypothesis 3.
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Discussion

In the present study, we used stimuli with varying spatial properties and sizes to explore the trade-off between exploration and exploitation. Specifically, introducing larger stimuli increased the demands on sampling different regions by a larger number of widely
distributed fixations (exploration). Given fixed time constraints, this
establishes a limitation to the time available for focused attention to
local regions (exploitation). Here we could characterize this tradeoff with respect to commonly used eye-tracking parameters.
We found that the spatial bias in terms of central tendency and
entropy was significantly influenced by image size: the central tendency scaled mainly linearly with the image size in both the scaled
and cropped image conditions. This scaling was comparable for all
image categories. The entropy, giving the spatial distribution of fixations independent of specific geometrical arrangements, increased
in the scaled and cropped conditions for all image categories, but
not in an exclusively logarithmic fashion. These results fully support Hypothesis 1 proposing that visual exploration increases with
an increase of the image size. The mean saccadic amplitude scaled
linearly with the image size in all categories in both the scaled and
cropped image conditions. Only in cropped webpages did the increase in saccade amplitude follow a logarithmic trend. These results nominally support the Hypothesis 2 proposing that visual exploration is supported by an increase of saccadic amplitudes. However, the data can be well described by the variable truncation model,
which operates on a constant basic distribution of saccadic amplitudes. Moreover, in all image categories, the number of fixations increased with stimulus size. Except for scaled urban pictures, this increase followed a logarithmic trend with increasing image size. We
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saw, that the increased number of fixations indeed led to a spatially
more extensive exploration within larger images in all image categories of both conditions, except for scaled urban images. Visual exploitation, which was indicated by fixation duration, decreased with
increasing image size in all conditions in a logarithmic trend. We
found that saccadic amplitude and duration of single fixations were
independent of each other and that saccade durations only weakly
affected fixation durations. These results fully support Hypothesis 3
of reduced exploitation with increasing image size. All in all, visual
exploration robustly scaled with the image size, indicating a shift
from exploitation to exploration on larger images.
As a control, we performed all experiments with two complementary image manipulations. Smaller images were either generated by
scaling down the original, or by cropping a region of desired size.
The omnibus statistical analyses revealed that the effect of image
size was qualified by image condition regarding all eye movement
parameters. However, the main results were significant and similar
in both the scaled and the cropped condition. This demonstrates that
visual behavior was affected by image size (and image category) in a
similar way, regardless of the varying depth and resolution of details
within visual scenes. We therefore conclude that spatial properties
of the image in terms of its size are a crucial factor to affect visual
behavior.
The present results support our general hypothesis that, in terms of
the spatial bias, visual exploration scales with varying image sizes.
We found changes in central tendency as well entropy with increasing image size. Tatler [27] argued that the central tendency in natural images might arise independently of image features within the
scene. In his view, the tendency to look at the center of an image
on the monitor stems from two sources: spatial viewing properties
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that situate the optimal viewing position at the center of the screen
and constraints of the oculomotor system. As both aspects of spatial
bias were similar for both scaled and cropped images, it is unlikely
that properties of the distribution of local features drives this effect.
Therefore, our results support the view that the spatial bias originates from the oculomotor system. However, we showed that the
image size affects the central tendency in such a way that it adapted
adequately with the increasing size of the presented image. In calculating the entropy, we found that the geometrically independent
distribution of fixations also increased with increasing image size.
Overall, we showed that the size of the presented stimulus seems to
be a crucial spatial property that affects visual exploration in terms
of the distribution of fixations on images.
In order to further investigate how image size affects visual behavior, we evaluated the amplitudes of saccades. Supporting a previous study [173], we found an overall linear increase in saccade
amplitude with increasing image size. However, humans in general
tend to exhibit small saccade amplitudes for natural images [33, 27].
This leads to a distribution of saccade amplitudes that follows a lognormal trend [33, 30, 31, 32]. This tendency toward small saccades
has been suggested to originate from motor biases in the saccadic
system [27] and should be independent of inherent features of the
visual scene. Indeed, we found that the distribution of saccade amplitudes showed a similar progression through each image size in
every image category, with a high number of small saccades for
small image sizes followed by a small number of larger saccades
for large image sizes. By extracting information on the scaled spatial bias for different image sizes with our simulation model, we
could identify that the distribution of saccades for large images was
compatible to the distribution of saccades for small images. This
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suggests that the higher mean saccade amplitude for large images
mentioned above resulted from an interaction between the basic distribution of saccade amplitudes and the eccentricities of the spatial
bias that changed according to the image size. Thus, in terms of
the saccadic distribution, motor constraints remain remarkably constant across different image sizes, while only the variable truncation
depends on the image size.
For a better understanding of the time available for focused attention to specific regions of the image, we analyzed the number of
fixations and fixation durations for each image size. In doing so, we
found that the number of fixations increased in a logarithmic fashion with increasing image size. Based on the changes in entropy
and the grid analysis (i.e., number of fixated image regions), we
showed that the increase of fixations was linked to a spatially more
extensive exploration within the image in all conditions13.We found
that fixation duration decreased in a negative logarithmic trend opposite to the number of fixations. As fixation durations are linked
with the in-depth information processing of a fixated region of interest [169, 170, 8], this shows that larger images lead to a reduced
in-depth processing of sensory information from specific locations.
This demonstrates a shift from exploitation to exploration of the
scenery.
Previous studies have argued that information processing needs a
certain minimum amount of time in order to allow for interpretation of the fixated region [187]. This establishes a lower threshold
for fixation durations and prevents the complete compensation of increased exploration in larger images by reduced exploitation. With
the simulated variable truncation model, we could exclude the explanation that the decrease in exploitation was a result of a correlation
between saccade amplitude and the duration of their pre-saccadic
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fixation, as described in previous studies [8, 30, 188]. Further, we
showed that a general increase of saccade durations based on larger
saccade amplitudes in large image sizes did only weakly affect fixation durations. Thus, visual exploitation decreased in larger images
due to an increase in visual exploration. As a consequence of a fixed
temporal limitation of sensory information processing, the decrease
of fixation durations followed a logarithmic dependence. This logarithmic trend led to a saturation of the number of fixations on large
images.
We need to consider that our results could have been influenced by
other parameters that were not taken into account in this study. Previous literature reported a logarithmic increase of saccade latencies
in saccade amplitudes of 0.5° or less [189]. As smaller images led to
a higher number of small saccades, a larger summation of saccade
latencies could have increased the fixation durations for these small
images. Although we doubt that the higher number of small saccades (the difference between 7” and 30”: 8.59%) had a significantly
high impact on fixation durations, this point might be addressed in a
further study.
Additionally, gaze behavior as natural viewing behavior is usually linked with a combination of eye and head movements during
visual scene perception [190, 191]. The eye tracker employed in
the present study measured the gaze direction by evaluating eye as
well as head positions. Therefore, all presented results relate to gaze
movements. As we instructed participants to maintain a stable head
position, eye movements dominated the visual behavior and head
movements had only a residual influence. Thus, our results and the
definition of gaze behavior relate to eye movements and we maintain
that terminology.
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Furthermore, we were to some extent limited when changing the
size of stimuli. Here, we focused on image sizes ranging between 7”
and 30”, which is only a limited fraction of the total visual field of
a healthy human. Therefore, we need to be careful when extending
our findings to visual behavior in real-world scenarios [190, 192].
However, most of the screens in everyday use provide display sizes
that match the stimulus sizes covered by our study. Thus, our results can indeed be applied to normal viewing behavior for different
media devices. Further, our results suggest clear trends (linear and
logarithmic) in the progress of commonly investigated eye-tracking
parameters. Hence, not only can we make conclusions with respect
to the screen sizes we used, but we can also predict the results likely
to occur when using screens of other sizes. This is important for scientists conducting eye-tracking experiments with varying monitor
sizes.
Another issue concerning our study design might be that we presented each image size blockwise. Participants therefore could have
predicted the size of the following stimulus within one block and
thus developed a certain viewing strategy. However, previous studies showed that repeated stimulus presentation does not necessarily
affect visual behavior [13]. In addition, the blockwise presentation
might reflect real-life scenarios better than a randomization of image
sizes. Humans usually tend to watch images or browse webpages on
the same screen for some time (e.g., laptop) before switching to another device (e.g., smartphone). Also in typical eye tracking experiments, participants observe a large number of same-sized images on
the monitor. Thus, a blockwise presentation of image sizes in our
experiment and therefore a possible adaptation of viewing strategies
do follow typical visual behavior.
With respect to the choice of our image categories, we have to con-
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sider the difference between webpages and natural images (urban
and landscape images) in more detail. We saw, inter alia, that the
mean saccade amplitudes and fixation durations were much smaller
on average for webpages than for the natural image categories. These
effects might have been a result of small (albeit present) text elements in webpages. Instead of free exploration, subjects could have
read these text elements, which led to smaller saccades and shorter
fixation durations. Although we found that all parameters according
to webpages showed a similar trend as for urban and landscape images when manipulating the image size, further studies might focus
in more depth on how the presence of text elements in varying image
size affects saccade amplitudes and fixation durations.
In general, our study provides a valuable baseline for investigating the trade-off between exploration and exploitation for different
image sizes and, thus, for different spatial properties. Still, further
research has to be done in order to investigate visual behavior with
regard to different spatial properties of stimuli, such as movement
[193, 194], the interplay between image size and complexity of the
scenery, and dynamic changes in the image size during observation.

4.6

Conclusion

Researchers have investigated several bottom-up and top-down factors that affect visual behavior in natural viewing contexts, but evaluations of exploration and exploitation with regard to varying spatial
properties are lacking. With the exception of one study [173], image size has been neglected in most of the research so far. Here, we
investigated the impact of such varying image sizes on visual behavior. In doing so, we showed that image size is a crucial factor that
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affects overt visual attention in terms of exploration and exploitation.
Visual researchers should be aware of this additional image feature
when relating their own data to the results of studies being conducted
in a laboratory with a different display setup. It is especially important that the effect of the stimulus size is taken into account very
carefully when comparing commonly used eye-tracking parameters
across studies. Also in media, knowledge about how image size
affects gaze behavior might be of importance, for example when designing new webpages optimized for devices with varying display
sizes. In a nutshell, we found that image size has to be considered
as an important spatial property that shifts the balance between exploration and exploitation in overt attention.

CHAPTER 5
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peripheral visual field loss
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Abstract

Retinitis pigmentosa (RP) is an inherited disease that causes progressive peripheral visual-field loss. In this study, we investigated
how such loss affects visual exploration of natural images. Individuals with varying degrees of visual-field loss and healthy control participants freely observed images of different sizes while eye
movements were recorded. We examined whether visual behavior
differed when the scene content was shown in various extents of the
visual field, and investigated the spatial bias, saccade amplitudes,
and number and duration of fixations. We found that the healthy
control group showed a central spatial bias during image viewing.
The RP group showed similar biases on the group level, but with reproducible individual exploration patterns. For saccade amplitudes,
the healthy control group and the RP group showed similar behavior
throughout all image sizes. The RP group with severe loss of peripheral vision thus tended to target saccades toward blind areas of their
visual field. The number of fixations did not change between the two
groups, although fixation durations decreased in the RP group. In
conclusion, the RP group scanned the images surprisingly similarly
to the healthy control group; however, they showed individual idiosyncratic explorative strategies when the observed scene exceeded
their visible field. Thus, although RP leads to a severe loss of the
visual field, there is no general adaptive mechanism to change visual exploration. Instead, individuals rely on individual strategies,
leading to high heterogeneity in the RP group.
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Introduction

The human visual field spans a large area and provides rich information [195]. However, as the brain provides only limited capacity
to process visually available information simultaneously [161, 41,
162, 163], we have to selectively focus on a small part of our environment [36, 35, 164]. Thus, when the gaze is directed toward a
region of interest, the majority of in-depth visual information gained
refers to only a small fraction of the visual field [196]. This focused spotlight of information processing is described as overt attention and lies in the foveal part of the eyes [40, 195, 164, 196].
Consequently, overt attention as described by eye fixations provides
detailed insights into information processing in visual perception.
Compared to foveal processing, information processing in the peripheral area of the retina outside of the foveal spotlight is less reliable [196, 197, 198], but still of great importance, for example during object identification outside of the fovea [199, 200, 201]. This
peripheral information processing is described as covert attention
[202, 53, 164]. To enhance the crude peripheral information processing [196], the covertly attended peripheral region is overtly attended by initiation of a saccade [195, 164, 196] – that is, a fixation
shift into the covertly attended peripheral region [203, 204, 205]. In
natural free image viewing, fixation and planning the next saccade
therefore provides an update to decide where to look next, several
times per second [11]. Thus, the interplay between overt and covert
attention – that is, central and peripheral vision – is crucial for the
dynamics of visual behavior in order to maintain a fluent and constant visual exploration of the environment.
Individuals with advanced retinitis pigmentosa (RP) experience a
loss of peripheral vision [206] due to the gradual degeneration of
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photoreceptors in the retina beginning in the periphery and slowly
progressing to the central part of the retina [207, 208, 209]. As peripheral cues in the visual field normally guide visual attention and
thus provide where to look next during image observation [203, 204,
205, 210, 211], saccade planning based on peripheral cues should be
impaired in advanced RP by the decreased interplay between overt
and covert attention. Due to the gradual nature of the visual decline
in RP [207, 208], adaptations of the visual system might lead to
alterations of visual exploration. However, due to stable motor constraints in the saccadic system leading to a preference for making
smaller rather than larger saccades [178, 31, 30, 32], adaptive visual behavior is not expected to affect saccade amplitudes. Indeed,
we have previously shown in healthy observers that the log-normal
baseline distribution of saccade amplitudes even remains stable independent of the perceived amount of image content [39]. This hypothesis is supported by Luo, Vargas-Martin, and Peli [212], who
have shown that individuals with tunnel vision did not adapt saccade
amplitudes in free viewing. Due to these stable saccade amplitudes,
individuals with RP might adapt exploration in terms of the number
of fixations in free viewing. As a consequence, visual information
processing (i.e., conscious extraction of meaning and relevance from
the fixated region) would be reduced [39], showing that individuals
with RP do not process the fixated region in full depth [8]. In conclusion, individuals with RP might develop individual characteristics in
natural visual behavior to compensate for the lack of peripheral vision and covert attention. In the present study, we investigated to
what extent a loss of peripheral vision in individuals with RP with
varying degrees of disease progression affects natural visual behavior.
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Rationale and hypotheses

Here we explore visual exploration and its properties in individuals
with RP in a free-viewing paradigm. A healthy control group and
an RP group were confronted with natural static images while their
eye movements were recorded. We varied the presented size of the
images, at 7, 15, and 30 in., to compare the explorative behavior for
stimuli covering the residual as well as the defective visual field or
only the residual visual field in the RP group. We then examined the
spatial bias by measuring the central tendency as well as the entropy
[29, 28, 39, 27]. Saccade amplitudes provided a further estimate
of the visual exploration, by describing the distance between two
consecutive fixations. The number of fixations made by an observer
was taken as a measure for visual exploration. For measuring the indepth information-processing time of the fixated image region, we
use the measure of fixation duration [8].
We stated three major hypotheses on visual exploratory behavior
in individuals with RP. They highlight complementary potential effects on the tested oculomotor parameters:
Hypothesis 1. Individuals with RP will compensate for the missing peripheral cues by an increased active visual-search strategy to
gain full semantic knowledge of the image scenery. Compared to
the healthy control group, this leads to a reduced central tendency
with a scattered structure of fixations. This will be captured by a
weaker spatial bias and increased entropy. Further, this active image scanning will be more pronounced in individuals with more severe visual-field loss and in large image sizes. Specifically, individuals with a severe progress of RP will target many saccades toward
blind peripheral regions to compensate for the missing peripheral
cues.
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Hypothesis 2. Due to stable motor constraints in the saccadic
system that are not affected by the disease, we the distribution of
saccade amplitudes will remain constant in individuals with RP [31,
30, 32]. As a consequence, those with severe progress of the disease
will target many saccades outside of their visual field.
Hypothesis 3. Given a weaker central tendency and stable oculomotor constraints in the saccadic system [168], individuals with RP
will make strategic adjustments to their visual exploratory behavior. This will be captured by an increased number of fixations with
reduced single fixation durations. As a consequence, the RP group
will sacrifice depth of visual information processing [167, 39], as
indicated by shorter fixation durations [8].

5.3

Methods

This study was conducted in the Neurobiopsychology Laboratory at
the Institute of Cognitive Science of the University of Osnabrück,
Germany (eye-movement recordings of control group) and in the
visual-processing laboratory of the ophthalmic department at the
Otto-von-Guericke-University in Magdeburg, Germany (eye-movement
recordings of the RP group). The experimental methods were approved by the ethical committees of the University of Osnabrück
and the University of Magdeburg, Germany, and performed in accordance with the guidelines of the German Psychological Society.
This experiment conformed to the Declaration of Helsinki. All participants gave written informed consent to participate before the examination.
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Participants

Twenty healthy participants (17 females, three male; ages 17-28
years, M = 20, SD = 2.42) with normal or corrected-to-normal vision took part in this study. These healthy participants were labeled
the control group. Seventeen participants with RP (eight female,
nine male; ages 25-67 years, M = 51, SD = 12.75) took part in this
study. The individuals with RP varied in their progress of visualfield loss and thus peripheral vision (visual-field size approximately
1.8°-18.5°, as detailed later). All participants (both groups) were
instructed to freely observe the stimuli on the screen.

5.3.2

Perimetry test

Mean defect

We used standardized perimetry to determine visual- field defects in
the RP group within the central ±30°. Specifically, light-spot detection thresholds were determined with automated static white-onwhite perimetry (Octopus 101 Perimeter, Haag-Streit, Köniz, Switzerland) using the program dG2, comprising 59 test positions as depicted in Figure 5.1a (background luminance = 1.27 cd/m2 ; target
size = Goldmann size III [0.4° diameter]; target exposition = 100
ms; [213]. The RP group fixated centrally on a cross with a central
gap (to allow testing of the foveal sensitivity) while target dots appeared randomly in the visual field. Target detection was reported
via button press.
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Figure 5.1: (a) Left side: Perimetry results for the right eye of an example individual with retinitis pigmentosa with relative and absolute visual-field defects
(green and black dots, respectively). Right side: Visualization of the visual field
of the same patient. Lighter colors indicate higher retinal sensitivity. The white
rectangle represents the blind spot, which is spared from the perimetric measurements. (b) Sketch showing how we calculated the visual-field size in degrees of
visual angle. The black dots were combined in circles from center to periphery.
The size of the circles was examined in relation to the total size of the perimetry
chart (diameter 60°). Here as an example: Central vision of five dots represents
a visual-field size of 7° (green circle), and 13 dots represent 15° (red circle). (c)
Estimation of the visual-field size of the example individual in (a), based on the
cumulative distribution function: 21 visible dots represent a visual-field size of
≈11.9°.

Visual-field size

To obtain a measure of the RP participants’ residual central visual
fields, we calculated the visual-field size in visual degrees based on
the location for which an absolute scotoma (black squares in Figure
5.1a) was absent. Specifically, in relation to the total circular size of
the template (60° visual angle), we computed the radius of the circle
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with the same area as the residual visual field of the patient (Figure
5.1b). Consequently, a larger number of seen target dots implied a
larger radius. Figure 5.1c shows a cumulative distribution indicating
the radius of the circle based on the number of target dots that fall
into the respective area. With respect to the cumulative distribution
function, the related radius of this number of target dots described
the visual-field size of the observer (Figure 5.1c).
5.3.3

Apparatus

The stimuli were presented on a 30-in. (46.5° × 29.1°) widescreen
Apple Cinema HD display with a native resolution of 2,560 × 1,600
pixels. For eye-movement recordings, we used a remote EyeLink
1000 eye tracker (SR Research Ltd., Ottawa, Canada) providing
monocular recordings with one eye camera and a sample rate of 500
Hz. By default of the EyeLink system, saccade detection was based
on velocity (> 30°/s) and acceleration (> 8,000°/s2 ). One or both of
these criteria had to be met in order to trigger a saccade. This trigger had to be maintained for at least 4 ms to detect a saccade. The
onset of the saccade was defined as when the spatial location of the
eye position exceeded a motion threshold of at least 0.1°. Periods
without saccade detection were labeled as fixations.
We positioned the eye tracker on a table between the participant
and the monitor, such that the stimuli on the monitor were completely observable and not partially covered by the eye tracker. Participants were seated in a darkened room at a distance of 70 cm
from the monitor, resulting in 51.7 pixels/visual degree in the center
of the monitor. We did not still the participants’ heads with a headrest, to facilitate comfortable conditions, but we verbally instructed
participants not to make head movements during the experiment.
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The experimenter constantly observed the participants to make sure
that their heads remained stable during the recordings. Although we
instructed them to remain still, we used the head-tracking feature of
the EyeLink system to guarantee stable gaze recordings based on eye
movements independent of residual involuntary head movements.
Hence, head movements of the participants during the experiment
were close to none. In cases of small involuntary manifestations of
head movements, the EyeLink system corrected eye position accordingly.
Before the actual recordings, we determined the dominant eye of
each participant using the Rosenbach [214] sighting test. The dominant eye was then used for experimental recordings. Note that the
monocular eye selection was done only for the eye recordings; participants still viewed the stimuli binocularly. In order to calibrate the
eye-tracking camera, we followed standard procedures [39, 215].
Briefly, each participant had to fixate on nine black circles (˜0.5°)
that appeared consecutively at different screen locations. The calibration was validated afterward by calculating the drift error for
each point. As some RP participants had a very narrow visual field
and could not find peripheral fixation dots themselves, we verbally
guided these participants’ gazes to the location of the black circles
(e.g., “the current calibration dot is in the upper left corner”). The
calibration was repeated until the system reached an average accuracy of <0.5° for the control group and <1.0° for the RP group (due
to impaired vision).
The experiment took place in two different locations with the same
equipment. We initially recorded the control group at the University
of Osnabrück, Germany, and then transported all necessary computers, the monitor, the remote eye tracker, and additional complements
to the University of Magdeburg, Germany. Thus, the experimental
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setup and arrangement of hardware were identical in both laboratories. Both laboratories were of similar size. We darkened the laboratories during eye-movement recordings, such that objects in the
laboratory would not distract the participants.
5.3.4

Stimuli

We used 240 static photographs containing natural environments
(e.g., landscapes, urban scenes). All photographs were obtained
from the internal image database of the Neurobiopsychology Laboratory at the University of Osnabrück, Germany, and have already
been used in previous studies [39, 215]. By bicubic interpolation,
we scaled each image up to 2,560 × 1,600 pixels to match the fullsize screen resolution of the display monitor (30 in. diagonal; 46.5°
× 29.1°). Based on this full-size screen resolution, we gradually
reduced the image size during the experiment by two more levels,
according to the following equations:
1
Y d = √ ∗ 1600
2L

(5.1)

1
X d = √ ∗ 2560
2L

(5.2)

and

where Yd and Xd denote the desired X- and Y-resolution of the
image size, and L denotes the level of image-size reduction (here,
L = 1 or 2). This gradual image-size reduction resulted in scaled
image sizes of 1,280 × 800 pixels (≈ 15 in. diagonal; 23.3° × 14.5°)
and 640 × 400 pixels (≈ 7 in. diagonal; 11.6° × 7.3°).
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Furthermore, we manipulated the images in two ways. Following our previous study [39], we either scaled the images, leading to
a presentation of the whole image scenery but at a smaller size, or
cropped out the central part of the image, thus presenting only this
central part but at the same resolution as in the large image. For the
cropped condition, we extracted the corresponding central section of
the full-size image (Figure 5.2a). With this method we could compare whether differences in visual behavior indeed relied on changes
of spatial properties of the image (image size) or solely on varying
spatial properties of regions of interest within the images (size of
objects). The background color of reduced-size images was set to
neutral gray (RGB: 128/128/128).

Figure 5.2: (a) Example image used in this experiment in 30 in. full-screen size as
well as downsized to 15 and 7 in. according to the scaled (upper row) and cropped
(lower row) condition. (b) Sample procedure of one of four sessions including
three randomized blocks. Across blocks, the image size was distinct. Within each
block, 10 scaled and 10 cropped images of the same size were randomly presented.
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Procedure

The experiment was divided into four equally long sessions. Each
session consisted of 60 images and followed a calibration of the eyetracking system. Within each session, we presented three blocks of
20 equally sized images. Half of the images were scaled and the
other half cropped. In blocks containing 30 in. images, we randomly
labeled half of the images as cropped for statistical purposes. The
blocks within each session were also randomized in order (Figure
5.2b). The images were centered on the display monitor and presented for 6 s each [39]. Each participant saw each image only once
during the experiment. Before each image presentation (trial), the
participants had to fixate a central fixation dot that was additionally
used for drift correction.
5.3.6

Dependent variables

We used different standard eye-tracking parameters for statistical
analysis of the data. These parameters included the number and
mean duration of fixations, as well as saccade amplitudes. We further analyzed the spatial distribution of fixations and their respective
entropy.
Number and mean duration of fixations

For the number of fixations, we added up all fixations within each
trial. The first fixation of each trial was excluded, as it was a direct consequence of the central drift correction preceding the trial.
All fixations located outside of the corresponding image coordinates
were also excluded (see Table 5.1). As Table 5.1 shows, the amount
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t
p
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7 in. scaled
9.71%
7.15%
2.021
0.052

15 in. scaled
6.25%
4.81%
1.357
0.183

30 in. scaled
4.98%
3.50%
1.968
0.057

7 in. cropped
8.66%
6.91%
1.332
0.191

15 in. cropped
5.33%
4.47%
0.770
0.446

30 in. cropped
5.20%
3.26%
2.719
0.010

Table 5.1: Percentage of excluded fixations for the retinitis pigmentosa (RP) and
control groups, averaged over participants and trials. The lower two rows show
the results (t-test t and p values; Bonferroni-adjusted α = 0.008) of the individual
contrasts between RP- and control-group participants regarding the number of
excluded fixations.

of excluded data did not largely differ between the RP and control
groups (all ts ≤ 2.719; all ps ≥ 0.010, with Bonferroni-adjusted alpha level α = 0.008). Hence, we expected no relevant effects of our
exclusion criteria for the analyses comparing both groups.

For measuring the in-depth information-processing time of the fixated image region, we employed the measure of fixation durations
[8]. For the mean duration of fixations, we subtracted the temporal
onset from the temporal offset. These times were automatically determined by the eye tracker during the experiment. To avoid biased
results from outliers, we excluded fixation durations of less than 50
ms and of two standard deviations above the grand mean (RP group:
cutoff at 620.77 ms; control group: cutoff at 798.40 ms) over all participants [39]. In all ongoing analyses, we used only fixations that
did not meet our exclusion criteria. These fixations were labeled as
valid fixations.
Saccade amplitudes

Saccades were taken as a measure for visual exploration. We characterized saccade amplitudes by calculating the Euclidean distance between the two-dimensional coordinates of two sequential fixations.
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p
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7 in. scaled
31.92%
27.93%
1.534
0.134

15 in. scaled
25.37%
21.16%
1.984
0.055

30 in. scaled
22.89%
17.89%
2.608
0.013

7 in. cropped
32.38%
28.05%
1.056
0.298

15 in. cropped
24.68%
20.02%
1.081
0.287

30 in. cropped
23.23%
17.61%
2.810
0.008∗

Table 5.2: Percentage of excluded saccades for the retinitis pigmentosa (RP) and
control groups, averaged over participants and trials. Note that the numbers seem
surprisingly large. This is due to the exclusion criteria themselves, as an exclusion of one fixation outside of the image coordinates affects two (pre- and
post-) saccades at once. The lower two rows show the results (t-test t and p values; Bonferroni-adjusted α = 0.008) of the individual contrasts between RP- and
control-group participants regarding the number of excluded saccades. Notes: ∗ p
= Bonferroni-adjusted α = 0.008 applied due to multiple testing.

We excluded saccade amplitudes in our analysis if either the corresponding pre- or postfixation of the saccade was located outside of
the image coordinates (Table 5.2). The exclusion of saccade amplitudes did not significantly differ in all tested image sizes (all ts
≤ 2.608; all ps ≥ 0.013, with Bonferroni-adjusted alpha level α =
0.008), except for cropped 30 in. images (t = 2.810; p = 0.008, with
Bonferroni-adjusted alpha level α = 0.008). This exclusion of data
was done to prevent adding saccade amplitudes into the analyses that
were longer than the presented images themselves. Consequently, in
this study we analyzed the amplitudes of saccades made only within
images, for increased transparency and reproducibility of the experimental design.

Note that although the RP group had reduced visual information
of the image borders, we excluded fixations outside of these borders
in order to have a well-controlled paradigm that follows standard
practices to exclude all data where experimental instructions were
violated (i.e., visually explore the images). In our experimental design, we presented same-size images sequentially in blocks. Hence,
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RP participants were able to constantly obtain a general knowledge
of each image size.
Regarding saccades, each off-fixation outside the image coordinates was involved in two saccades – the one leading to that fixation
and the one originating at that location. To guarantee experimental
validity, we took a conservative approach and excluded both types
of saccades. This results in constraints regarding a natural setting
– that is, the experimental investigation is limited to the finite size
of the stimulus – but it is well controlled and reproducible in future
experiments.
Spatial fixation bias and entropy

The spatial bias was examined by the central tendency as well as
entropy. The central tendency captured the spatial bias as a measure toward central image regions [29, 28, 39, 27]. That means a
strong/large central tendency described a very narrow central spatial
bias, whereas a weak/small central tendency described a more expanded visual exploration of the whole image area. In contrast, the
entropy captured the spatial bias as a general degree of the spread of
fixations independent of geometric fixation patterns [80, 39]. Consequently, the central tendency and entropy captured two distinct
approaches to examining the spatial distribution of fixations.
To quantify the spatial fixation bias in image space, we extracted
the distribution of fixations in horizontal and vertical eccentricity
respectively, separated for each participant and image size in both
the scaled and the cropped condition. From these eccentricities we
calculated the standard deviations, providing a measure of the extent
of fixation distributions and thus the central tendency of fixations
[39]. Low standard deviations indicated a high central concentration
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of fixations and thus a strong central tendency. In contrast, high
standard deviations indicated a higher distribution of fixations across
the whole image and thus a weak central tendency (Figure 5.3a).

Figure 5.3: (a) Example showing a strong bias toward the center of the image and
thus strong central tendency (left side). In contrast, a larger extent of the distribution of fixations leads to a weak central tendency (right side). We measured
the central tendencies in horizontal and vertical eccentricity by calculating the
standard deviation of the distribution of fixations. (b) Example of a homogenous
spread of fixations leading to low entropy (left side). In contrast, a higher disorderliness of fixations (heterogeneity) leads to high entropy (right side). Note that
entropy can differ although the central tendency stays similar (red circles).

Note that the spatial fixation bias relies on specific geometric patterns of the distribution of fixations. That is, the central tendency
qualifies only the density of fixations in the central image region.
Entropy measures are independent of such geometric patterns. More
precisely, entropy provides a measure of the disorderliness and thus
heterogeneity of fixations in image space (Figure 5.3b). Hence, we
used entropy as an additional measure to quantify the general spa-
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tial distribution of fixations in image space. We calculated fixation
maps for each trial and participant by pooling all respective fixations
in image space. Then we convolved the map of measured fixations
with a Gaussian kernel with a full width at half maximum of 1° visual angle [80, 71, 39]. This approximately matches the size of the
central part of the fovea. Next, the map was normalized to integral
one, resulting in a fixation density map (FDM) estimating the probability of fixating a region of the stimulus. We calculated the entropy
E at location x for participant p observing image i:
E(i, p) = −

X

FDM(x, i, p) ∗ log2 FDM(x, i, p)

(5.3)

Note that an FDM is strictly smaller than 1.0. This results in a
negative logarithm. Hence, to get a positive entropy, we added a
negative sign in Equation 5.3. However, entropy measures are sensitive to the sample size of the data [183]. In the domain of eye tracking, the number of fixations defines the sample size. Therefore, we
applied a bootstrapping method with downsampling to calculate the
entropy scores [184]. That means we randomly sampled nine valid
fixations made by the participant on a trial and calculated the entropy
(downsampling). This process was repeated 500 times (bootstrapping). The final entropy for the corresponding participant and trial
was then calculated by averaging the entropy scores obtained in the
bootstrapping. We used nine fixations for downsampling to get the
best trade-off of having reliable statistical power [184] and excluding only a minimum number of trials that did not provide enough
sampling data (excluded trials: 10.41% in data of control group;
5.46% in data of RP group).
As a result, higher entropy scores indicated a larger distribution
of fixations and thus a smaller general spatial bias independent of
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geometric patterns.
5.3.7

Data analysis

For statistical analysis of the data, we used standard analyses of variance (ANOVAs) providing the significance level p as well as the effect size η2p . Post hoc comparisons (if needed) were done with paired
t tests, with significance level p and effect size d´.
Differences between RP and control groups

In order to analyze differences of the variances in the dependent
variables between the RP and control groups, we used an F test for
equality of two variances [216]. The test indicates a significant difference between two variances if the resulting F,
F=

s21
s22

(5.4)

is smaller than the respective critical F low or larger than the respective critical F high boundaries:
Flow = Fα/2,N1 −1,N2 −1

(5.5)

Fhigh = F1−α/2,N1 −1,N2 −1

(5.6)

and

(with N 1 and N 1 as number of participants and α as significance
level, here α = 0.050). The subscripts in Equations 5.5 and 5.6 refer
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to the corresponding alpha as well as the degrees of freedom (N 1 −1,
N 2 −1) of the respective critical F distributions. Note that the F test
for equality of two variances requires normality in the two sample
populations being compared.
Data trends within RP participants with varying progress of the disease

For analyzing correlations and trends of the tested dependent variable and the degree of visual-field loss in RP participants, we used
a standard linear regression with significance level p and correlation
factor R2 . We did not use a nonlinear regression, in order to prevent
overfitting. That is, RP participants with divergent characteristics
in the dependent variables would highly influence such nonlinearity. Note that a linear regression requires normality in the respective
residuals. Normality was tested with a standard Anderson-Darling
test.
Analysis of the distribution of saccade amplitudes

Saccade amplitudes provided a further estimate of visual exploration
by describing the distance between two consecutive fixations. Following our second hypothesis, we compared the distributions of saccades between the RP and control groups. For this, we analyzed frequency distributions of saccade amplitudes according to a previous
study [39]. That is, individually for each participant we sampled
the saccades from 0° to 20° binned into steps of 0.5°. Then we divided the absolute frequencies of sampled saccades within each bin
by the total number of saccades, resulting in probability distributions. For a statistical analysis, we compared the respective distribution of saccade amplitudes of individual RP participants with the
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respective distribution of individual healthy control participants with
a chi-square test according to
bins 
2
X
∆µ


 i 
χ2 =
∆σ2i
i=1

(5.7)

∆µ = µdist1 − µdist2

(5.8)

with

and
s
∆σ =

σ2dist1 σ2dist2
+
n
n

(5.9)

where n is the number of trials included in the respective saccade
distribution, ∆µ denotes the difference of means (averaged saccade
distribution across trials of each participant) of the two saccade distributions (dist1 and dist2), and ∆σ denotes the respective overall
variance of dist1 and dist2. We included the overall variance in order to weight the differences of frequencies in the compared distributions. Larger χ2 values indicate a higher difference between the
two distributions.

5.4
5.4.1

Results
Spatial fixation bias

Our first hypothesis stated that individuals with RP show an increased spatial bias due to strategic and more active visual-search
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behavior. As a first step, we thus examined the general visual-search
behavior of participants in the control and RP groups characterized
by the spatial distribution of fixations. We calculated fixation density maps for each participant in both groups, individually for each
of the three image sizes and separately for the scaled and cropped
conditions (Figure 5.4a). Upon initial inspection of Figure 5.4a, we
found a typical central spatial bias of fixations in control-group participants throughout all image sizes as well as in RP-group participants with early stages of the disease in small images. However, if
image information exceeds the visual-field size of the observer (as
indicated by a smaller visual field or larger image size), the central
spatial bias expands toward peripheral areas of the image. Thus, individuals in the RP group showed distinct spatial biases dependent
on their visual-field size and the image size.
For a statistical analysis of the spatial bias with respect to the central tendency, we separated the distribution of fixations by horizontal
and vertical eccentricity and calculated the extent of these eccentricities as a function of standard deviation (see section 5.3.6). We compared the resulting standard deviations with a 2 (image condition:
scaled, cropped) × 3 (image size: 7, 15, 30 in.) × 2 (subject group:
control, RP) repeated-measures ANOVA (Greenhouse-Geisser corrected, due to violation of sphericity in all factors) for, respectively,
horizontal and vertical eccentricity.
In horizontal eccentricity, results revealed a significant main effect
on the central tendency of image size, F(1.032, 36.106) = 800.703,
p < 0.001; η2p = 0.958, indicating that larger images led to a reduced
central tendency as shown by increasing standard deviations (Figure 5.4b). The ANOVA did not reveal any further significant effects,
neither of image condition, all Fs ≤ 2.005, all ps ≥ 0.166, all η2p s
≤ 0.054, nor of subject group, F(1, 35) = 0.056, p = 0.814, η2p =
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Figure 5.4: (a) Spatial distribution of fixations (fixation density map [FDM]) averaged over trials for each image size – here, for one example control participant
(upper row) and three example participants with retinitis pigmentosa with consecutively decreasing visual field size. Note: To avoid an excess of figure panels,
we presented FDMs of the scaled condition only. The corresponding FDMs of
the cropped condition showed similar patterns. Also note that we normalized the
different image sizes to one baseline in the panels (i.e., visual upscaling of 7 and
15 in. images to 30 in.) to provide better visualization and comparison of the
FDMs. (b) Results of the central tendency as measured by the standard deviation of the distribution of fixations in horizontal (upper row) and vertical (lower
row) eccentricity. Each circle represents the data of one individual with retinitis pigmentosa, sorted by visual-field size for the scaled (red) and cropped (blue)
conditions. The box plots represent the averaged data of control participants for
the scaled (red) and cropped (blue) conditions. Note: For better visualization of
the data, the y-axis shows a different scaling across image sizes.
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0.002. However, note that the chance level of randomly assigning
30 in. images to either the scaled or the cropped condition might
have led to an enhancement of false negatives (see section 5.3.5).
The nonsignificance of image condition in this ANOVA might thus
have related to a type 2 error. We therefore ran a separate 2 (image condition: scaled, cropped) × 2 (image size: 7, 15 in.) ANOVA
excluding 30 in. images. The results indeed showed a significant
difference between image conditions, F(1, 35) = 7.277, p < 0.050,
η2p = 0.172, indicating that scaled images had a stronger horizontal central tendency (mean (M) = 5.47°) than cropped images (M =
5.63°). Most importantly, as indicated by the initial 2 × 3 ANOVA
on a group level, there is no statistical difference in the central tendency on horizontal eccentricity between the control and RP groups.
In vertical eccentricity, results also revealed a significant main effect of image size, F(1.041, 36.444) = 529.289, p < 0.001, η2p =
0.938. In addition, we found a significant main effect of image condition, F(1.000, 35.000) = 9.889, p < 0.005, η2p = 0.220, showing
that scaled images led to a stronger vertical central tendency (all image sizes: M = 10.29°; excluding 30 in. images: M = 3.65°) than
cropped images (all image sizes: M = 10.69°; excluding 30 in. images: M = 4.63°). Further, the results revealed a significant Image
size × Image condition interaction, F(1.126, 39.420) = 27.249, p <
0.001, η2p = 0.438. Paired t tests (Bonferroni-adjusted α = 0.008)
showed that the central tendency in vertical eccentricity increased
with image size in both image conditions, all t(36) ≥ 17.418, all
ps < 0.001. Thus, the significant interaction reflected different effect
sizes according to changes in the image size (Figure 5.4b). We found
no main effect of subject group, F(1, 35) = 3.660, p = 0.064, η2p =
0.095, nor an Image size × Subject group interaction, F(129.886,
1235.305) = 3.680, p = 0.061, η2p = 0.095, nor any further effects,
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all Fs ≤ 0.886, all ps ≥ 0.353, all η2p s ≤ 0.025. Taken together,
we found no difference in the central tendency between RP- and
control-group participants on the group level, neither in horizontal
nor vertical eccentricity.
Interestingly, close inspection of Figure 5.4b indicates that individual RP participants showed higher variances in their individual
central tendencies (i.e., standard deviations) as compared to control
participants. For a formal analysis of the difference between the
variances of both participant groups, we used an F test for equality of two variances. We first calculated the F test of variances in
horizontal eccentricity. Normality was given in all sample populations (Anderson-Darling test; all ps ≥ 0.079; [217]. The F test could
thus be applied to compare the sample variances of control- and
RP-group participants for all image sizes in the scaled and cropped
conditions. Recall that significance in this F test was a measure of
boundaries (see section 5.3.7). That is, if the F value was outside
the corresponding boundaries F low and F high , the two tested variances were significantly distinct at α = 0.050. The results revealed
that the variance of the central tendencies was significantly different
between the RP group and the control group in scaled 15 and 30 in.
images and cropped 30 in. images – scaled 15 in.: F = 4.639, F low
= 0.376, and F high = 2.892; scaled 30 in.: F = 2.083, F low = 0.437,
F high = 1.997; cropped 30 in.: F = 2.572, F low = 0.437, F high = 2.001.
No further results were found: all F low = (0.385, 0.236, 0.379) < F
= (2.818, 3.113, 2.514) < F high = (22.637, 24.194, 2.836).
In vertical eccentricity, normality was given in all sample populations (Anderson-Darling test; all ps ≥ 0.068), except for the RP
group with scaled 7 and 30 in. images and cropped 7 in. images
(Anderson-Darling test; all ps < 0.050). Therefore, we could only
apply the F test to compare the sample variances of the control and
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RP groups with scaled 15 in. images and cropped 15 and 30 in. images. The results showed that the variance of central tendencies was
different between groups in scaled 15 in. images and cropped 15
and 30 in. images – scaled 15 in.: F = 6.108, F low = 0.369, F high
= 3.042; cropped 15 in.: F = 3.681, F low = 0.376, F high = 2.909;
cropped 30 in.: F = 5.786, F low = 0.428, F high = 2.096. In general,
we found that RP participants showed larger variances on large images compared to control participants. Inspection of the individual
RP participants’ data indicated that each participant showed almost
identical results of central tendency in scaled and cropped images
(Figure 5.4b). This suggests that individual RP participants maintained similar visual behavior in the scaled and cropped conditions.
Thus, RP participants showed reproducible individual differences in
central tendency.
In order to get into more detail concerning the large differences of
individual central tendencies in RP participants, we focused on the
dependence of the change in central tendency on residual visual-field
size. In the following analysis, we thus only used the data of RP participants, and applied linear regressions separately for the horizontal
and vertical eccentricity for the scaled and cropped conditions and
for each image size. In horizontal eccentricity, we did not find significant effects (all ps ≥ 0.483, all R2 s ≤ 0.033). Normality was
given in the residuals of all tested linear models (Anderson-Darling
test; all ps ≥ 0.112). Hence, in horizontal eccentricity the central
tendency showed no dependence on visual field size. In vertical eccentricity, results revealed a significant effect in scaled and cropped
15 in. images (both ps ≤ 0.037, both R2 s ≥ 0.259), showing reduced
standard deviations (i.e., an increase of central tendency) with an increase of the visual-field size (Figure 5.4b). The linear regression
of scaled and cropped 7 and 30 in. images turned out to be not sig-
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nificant (all ps ≥ 0.077, R2 s ≤ 0.194). Normality was given in the
residuals of all tested linear models (Anderson-Darling test; all ps ≥
0.119). Hence, in vertical eccentricity we found that RP participants
with smaller visual-field sizes had a decreased central tendency –
that is, larger variance – for the 15 in. images.
To conclude, we found that spatial bias, as indicated by central
tendency, was not different between control- and RP-group participants on a group level. However, in vertical eccentricity, a reduced
visual field led to a reduced central tendency in 15 in. images and
thus a larger spatial bias. Further, we saw that RP participants developed individual differences in large images, providing personalized
central tendencies.
For a further analysis of spatial bias, we calculated entropy. Entropy measures the distribution of fixations independent of geometric clusters and thus gives another view of the general visual behavior. We extracted the entropy scores of control- and RP-group participants for each image size in the scaled and cropped conditions and
calculated a 2 (image condition) × 3 (image size) × 2 (subject group)
repeated-measures ANOVA (Greenhouse-Geisser corrected, due to
violation of sphericity in all factors). The results revealed a main
effect of image size, F(1.078, 37.725) = 1036.691, p < 0.001, η2p =
0.967, showing a general increase of entropy with increasing image
size (Figure 5.5). Furthermore, we found a significant main effect of
image condition, F(1, 35) = 44.820, p < 0.001, η2p = 0.562, showing that entropy was smaller in scaled images (all image sizes: M =
16.03; excluding 30 in. images: M = 15.94) than in cropped images
(all image sizes: M = 16.05; excluding 30 in. images: M = 16.17).
The results also revealed an Image size × Image condition interaction, F(1.164, 40.754) = 27.707, p < 0.001, η2p = 0.442. Paired t
tests (Bonferroni-adjusted α = 0.008) showed that entropy increased
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with image size in both image conditions, all t(36) ≥ 25.748, all ps <
0.001. Thus, the significant interaction reflected different effect sizes
according to changes in the image size. No further effects were revealed, most importantly including no effect of subject group, all Fs
≤ 3.649, all ps ≥ 0.064, all η2p s ≤ 0.094. Hence, we did not find a
difference in entropy between control- and RP-group participants.

Figure 5.5: Disorderliness of fixations as measured by entropy. Each circle represents the data of one participant with retinitis pigmentosa, sorted by visual-field
size for the scaled (red) and cropped (blue) conditions. The box plots represent
the averaged data of control participants for the scaled (red) and cropped (blue)
conditions.

Using the F test for equality of two variances, we again tested
whether RP participants showed larger individual differences compared to control participants. Normality was given in the sample
populations in all image conditions and image sizes (Anderson-Darling
test; all ps ≥ 0.144), except for scaled 15 and 30 in. images and
cropped 30 in. images (Anderson Darling test; all ps < 0.050). We
thus could use the F test only with scaled 7 in. as well as cropped
7 and 15 in. images. However, the results turned out to be significant only for cropped 7 in. images: F = 4.396, F low = 0.382, F high
= 2.777. No further effects were found: all F low = (0.382, 0.383,
0.330) < F = (2.516, 1.307, 1.269) < F high = (2.778, 2.760, 2.755).
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Hence, in general, RP participants tended to show individual preferences of entropy only in small images, not large.
To further analyze whether the entropy depended on the visualfield size of RP participants, we applied a linear regression to all
image sizes in the scaled and cropped conditions. The results revealed no significant correlation between entropy and visual-field
size in any of the image sizes or image conditions, all ps ≥ 0.435, all
R2 s ≤ 0.041. Normality was given in the residuals of all linear models tested (Anderson-Darling test; all ps ≥ 0.058), except for scaled
and cropped 15 in. images (Anderson-Darling test; all ps < 0.050).
Taken together, a varying visual-field size did not lead to a change
in entropy. To conclude, RP participants did not adapt their spatial
bias, as measured by entropy, dependent on individual visual-field
size.
In summary, the results of the central tendency and entropy only
partly supported our first hypothesis. Instead of a general difference in spatial bias between RP- and control-group participants, we
observed only individual differences in the extent of the RP participants’ central tendencies in large images and entropy in small images.

5.4.2

Saccade amplitudes

In our second hypothesis, we stated that saccade amplitudes of RP
participants will not adapt to a reduced visual-field size. Thus, in the
following we extracted saccade amplitudes and analyzed at which
distance subsequent fixations in visual search were made. We extracted the mean saccade amplitude for each participant individually
for each image size in the scaled and cropped conditions and cal-
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culated a 2 (image condition) × 3 (image size) × 2 (subject group)
repeated-measures ANOVA (Greenhouse-Geisser corrected, due to
violation of sphericity in image size). The results revealed a main
effect of image size, F(1.143, 39.992) = 744.896, p < 0.001, η2p =
0.955, showing an increase of the mean saccade amplitude in large
images (Figure 5.6a). Further, we found a significant main effect of
image condition, F(1, 35) = 38.678, p < 0.001, η2p = 0.525, showing
that saccade amplitudes were smaller in scaled images (all image
sizes: M = 4.51°; excluding 30 in. images: M = 3.27°) than in
cropped images (all image sizes: M = 4.66°; excluding 30 in. images: M = 3.52°). The results also revealed an Image size × Image
condition interaction, F(1.971, 68.997) = 30.651, p < 0.001, η2p =
0.467. Paired t tests (Bonferroni-adjusted α = 0.008) showed that
saccade amplitudes increased with image size in both image conditions, all t(36) ≥ 21.361, all ps < 0.001. Thus, the significant
interaction reflected different effect sizes of image size. No further
effects were found, including no significant effect of subject group,
all Fs ≤ 1.060, all ps ≥ 0.310, all η2p ≤ 0.029 (Figure 5.6a). Hence,
the control and RP groups did not show differences in mean saccade
amplitudes on a group level.
Next, we analyzed whether RP participants showed individual differences depending on their impaired visual-field size. Therefore,
similar to our previous analysis, we calculated an F test for equality
of two variances. Normality was given in the sample populations
of all image sizes in the scaled and cropped conditions (AndersonDarling test; all ps ≥ 0.231), such that we could compute the F test
across all conditions. However, the results revealed no significant
differences in any of the image sizes in the scaled condition – all
F low = (0.235, 0.306, 0.343) < F = (1.943, 3.032, 2.313) < F high =
(2.533, 5.958, 3.841) – or the cropped condition – all F low = (0.248,
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Figure 5.6: (a) Mean saccade amplitudes. Each circle represents the data of one
participant with retinitis pigmentosa (RP), sorted visual-field size for the scaled
(red) and cropped (blue) conditions. The box plots represent the averaged data of
control participants for the scaled (red) and cropped (blue) conditions. (b) Distribution of saccade amplitudes for three example RP participants with continuously
increasing visual-field size (red line), in comparison with the averaged distribution
of saccade amplitudes of control participants (black line). The vertical red dotted
line indicates the visual-field size of the respective RP participant. (c) 2-D color
matrix showing the individual comparisons of the distribution of saccade amplitudes between all RP- and control-group participants (as specified in Results).
Each row represents an individual participant, ordered by group. Columns are a
symmetric projection of the rows. Thus, each voxel of the color matrix shows the
difference of the averaged saccade distribution between two participants. Lighter
colors represent higher χ2 values and thus greater difference in the two compared
saccade distributions. RP participants are sorted by visual-field size, from large
to small. (d) Simulated cumulative distribution function based on healthy control
participants for the scaled (red line) and cropped (blue line) condition. Each circle
represents the data of one RP patient sorted by his/her respective visual field size
(from large to small) for the scaled (red) and cropped (blue) conditions.
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0.311, 0.341) < F = (2.598, 2.109, 1.954) < F high = (1.722, 5.443,
3.926; see Figure 5.6a). Hence, the variance of RP participants did
not differ from that of control participants. We also applied a linear regression to the RP-participant data for each image size in the
scaled and the cropped condition. But again, we did not find a significant correlation of visual-field size and mean saccade amplitude,
all ps ≥ 0.238, all R2 s ≤ 0.092 (Figure 5.6a). Normality was given
in the residuals of all tested linear models (Anderson-Darling test;
all ps ≥ 0.323). To conclude, our data revealed that an impaired
visual-field size did not affect mean saccade amplitude.
Our previous results revealed no adaptation of averaged saccade
amplitude with respect to a reduced visual field. However, the calculated mean amplitudes could have underlay individual distributions
of saccade amplitudes. In the next step, therefore, we compared the
distribution of saccade amplitudes of RP- and control-group participants.
We calculated the distribution of saccade amplitudes for each RPand control-group participant individually for each image size and
separated the scaled and cropped conditions. An initial inspection
revealed that RP participants indeed showed individual distributions
of saccade amplitudes compared to control-group participants (Figure 5.6b). With chi-square tests, we compared the calculated distributions with each other, resulting in a 2-D color matrix with four
quadrants: Quadrant 1 is a comparison of saccade distribution within
control-group participants; quadrant 2 compares between controland RP-group participants; quadrant 3 shows the same data as quadrant 2 (the matrix is symmetric); and quadrant 4 is a comparison
within RP participants. As indicated by generally larger χ2 values,
Figure 5.6c reveals that the distributions of saccade amplitudes in
individuals with RP grew more distinct from those in control-group
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participants and from each other’s with increasing image size (quadrants 2/3 and 4, respectively), whereas control-group participants revealed more similar saccade distributions (quadrant 1). These results
suggest that RP participants tended to distribute saccade amplitudes
more individually on large images as compared to control-group participants.
Next, we investigated how these individual differences occurred
and examined whether RP participants visually restricted their visual search to their visual field or also searched in blind areas. To
test this, we proposed a model based on control-group participants,
simulating the probability that saccade amplitudes fall into a specific visual-field size. The goal of the simulation model was to provide an additional view on how saccade amplitudes were distributed
in control-group participants in order to compare it with the saccadic behavior of RP participants. We included only data of controlgroup participants. We sampled all saccade amplitudes from 0° to
20° (sampling range), binned in steps of 0.5° and then calculated
a cumulative distribution function. Particularly, we calculated the
relative frequency of saccades amplitudes of the respective bin and
cumulated these frequencies consecutively from smallest to largest
bin in the sampling range. The resulting function provided a simulation curve showing the probability of saccade amplitudes (Figure
5.6d). In a second step, we focused on the data of individual RP
participants. For each RP participant, we summed up the number
of saccades with amplitudes that were smaller than the respective
visual-field size. The frequencies were normalized by dividing the
number of sampled saccades by the number of all saccades the participant made. The resulting number provided a probability that saccades fell into the participant’s visual field (Figure 5.6d). Inspection
of Figure 5.6d reveals that the calculated probabilities of RP partic-
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ipants with respect to their visual-field size adequately followed the
curve of the simulation model in all image sizes and in both scaled
and cropped conditions. This suggests that RP participants did not
adapt saccadic behavior to their specific visual-field size, with the
result that saccades have a higher probability of ending outside the
visual field – a “blind search” – in individuals with RP who have
severe loss of peripheral vision.
Taken together, even though the mean of saccade amplitudes was
similar in participants in both the RP and control groups, we found
individual differences of the distribution of saccades in RP participants on large images. However, these differences did not reflect
an adaptation of saccade amplitudes to visual-field size, and consequently they resulted in a high probability of visual search in the
blind visual field. Overall, these results supported our second hypothesis.
5.4.3

Number of fixations and fixation duration

In the following analysis, we addressed our third hypothesis, relating to the number of single fixations affected by a distinct strategic
viewing behavior as shown by differences in the central tendency
and distribution of saccade amplitudes in individuals with RP. We
thus extracted the number of fixations individually for each RP- and
control-group participant, separated for each image size and image
condition. Then we calculated a 2 (image condition) × 3 (image
size) × 2 (subject group) repeated-measures ANOVA (GreenhouseGeisser corrected, due to violation of sphericity in image size). The
results revealed a main effect of image size, F(1.579, 55.280) =
244.318, p < 0.001, η2p = 0.875, showing an increase of the number of fixations in large images. We further found a significant main
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effect of image condition, F(1, 35) = 14.677, p < 0.005, η2p = 0.295,
showing that fewer fixations were made in scaled images (all image
sizes: M = 16.93; excluding 30 in. images: M = 15.88) than in
cropped images (all image sizes: M = 17.23; excluding 30 in. images: M = 16.31). The results also revealed an Image condition ×
Image size interaction, F(1.927, 67.428) = 3.435, p < 0.050, η2p =
0.089. Paired t tests (Bonferroni-adjusted α = 0.008) showed that
the number of fixations increased with image size in both image
conditions, all t(36) ≥ 6.864, all ps < 0.001. Thus, the significant
interaction reflected different effect sizes according to changes in
the image size. We did not find a significant main effect of subject group, F(1, 35) = 3.969, p = 0.054, η2p = 0.102 (Figure 5.7a),
nor any further effects, all Fs ≤ 2.776, all ps ≥ 0.083, all η2p ≤ .073.
Hence, RP participants did not differ statistically from control-group
participants in number of fixations.
We again calculated an F test for equality of two variances, to
analyze whether RP participants showed individual differences depending on their impaired visual-field size. Normality was given in
the sample populations of all image sizes in the scaled and cropped
conditions (Anderson-Darling test; all ps ≥ 0.379). Consequently,
we could compute the F test across all conditions. However, the results revealed no significant differences by image size in the scaled
condition – all F low = (0.396, 0.401, 0.405) < F = (1.060, 1.141,
0.857) < F high = (2.523, 2.441, 2.385) – or the cropped condition –
all F low = (0.391, 0.404, 0.405) < F = (0.777, 0.819, 1.045) < F high
= (2.539, 2.402, 2.385; see Figure 5.7a). Hence, the sample variance
of RP participants did not differ from that of control-group participants. We also applied a linear regression to the RP-participant data
in each image size for the scaled and cropped conditions; however,
correlation results turned out to be nonsignificant, all ps ≥ 0.125, all
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Figure 5.7: (a) Number of fixations; (b) single fixation durations. Each circle represents the data of one participant with retinitis pigmentosa, sorted by visual-field
size for the scaled (red) and cropped (blue) conditions. The box plots represent
the averaged data of control-group participants for the scaled (red) and cropped
(blue) conditions.

R2 s ≤ 0.15. Normality was given in the residuals of all tested linear
models (Anderson-Darling test; all ps ≥ 0.358). Taken together, our
data do not provide statistical evidence to claim that the number of
fixations differed between RP- and control-group participants.
Next, we focused on single fixation duration as a consequence of
a constant interplay between visual exploration, as indicated by the
number of fixations, and visual information processing, as indicated
by single fixation durations. We extracted the mean fixation duration
individually for each participant, separated by image size, and cal-

188

Natural visual behavior in patients with peripheral visual field loss

culated a 2 (image condition) × 3 (image size) × 2 (subject group)
repeated-measures ANOVA (Greenhouse-Geisser corrected, due to
violation of sphericity in image size). The results revealed a main
effect of image size, F(1.336, 46.770) = 272.204, p < 0.001, η2p =
0.886, showing a decrease of fixation durations in large images (Figure 5.7b). We further found a significant main effect of image condition, F(1, 35) = 17.561, p < 0.001, η2p = 0.334, indicating lower
fixation durations in cropped images (all image sizes: M = 266.69
ms; excluding 30 in. images: M = 279.34 ms) than scaled images
(all image sizes: M = 270.79 ms; excluding 30 in. images: M =
284.74 ms). Most importantly, results revealed a main effect of subject group, F(1, 35) = 12.839, p < 0.005, η2p = 0.268, showing that
RP participants in general had shorter fixation durations (250.26 ms)
than control-group participants (287.23 ms). We also found a Subject group × Image size interaction, F(1.336, 46.770) = 5.427, p <
0.050, η2p = 0.134. However, paired t tests (Bonferroni-adjusted α
= 0.008) showed that fixation durations decreased with increasing
image size in the both subject groups – RP: all t(16) ≥ 4.931, all ps
< 0.001; control: all t(19) ≥ 14.396, all ps < 0.001. Thus, the significant interaction reflected different effect sizes according to changes
in the image size (Figure 5.7b). No further effects were found, all Fs
≤ 2.685, all ps ≥ 0.080, all η2p ≤ 0.071. Hence, RP participants had
lower fixation durations than control-group participants, resulting in
reduced depth of visual information processing.
Again, we calculated an F test for equality of two variances, to
analyze whether RP participants showed individual differences depending on their impaired visual-field size. Normality was given in
the sample populations of all image sizes in the scaled and cropped
conditions (Anderson-Darling test; all ps ≥ 0.193). We thus could
compute the F test across all conditions. In the scaled condition, re-
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sults revealed a significant difference of sample variances in images
at 7 and 15 in. – 7 in.: F = 2.293, F low = 0.463, F high = 1.768; 15
in.: F = 2.844, F low = 0.463, F high = 1.772 – but not at 30 in.: F low
= 0.462 < F = 1.765 < F high = 1.778. In the cropped condition, results revealed a significant difference of sample variances only in 7
in. images – F = 2.208, F low = 0.463, F high = 1.769 – not in 15 or
30-in. images: both F low = (0.463, 0.462) < F = (1.699, 1.634) <
F high = (1.773, 1.779). Note here that each RP participant showed
almost identical results when their respective fixation durations in
scaled and cropped images were compared (Figure 5.7b). This suggests that the results of the F test relied on consistent visual behavior
and did not originate from random factors. Hence, RP participants
showed higher individual differences according to fixation duration
in small images.
We also applied a linear regression to the RP-participant data for
each image size in the scaled and cropped conditions. However,
although Figure 5.7b shows a decrease of fixation duration with decreasing visual field, correlation results turned out to be nonsignificant, all ps ≥ 0.231, all R2 s ≤ 0.094. Normality was given in the
residuals of all tested linear models (Anderson-Darling test; all ps ≥
0.082). Hence, we did not find a correlation between fixation duration and visual-field size for RP participants.
Taken together, we found that on average RP participants had
lower fixation durations than control participants. Although we could
not claim a correlation, we saw that RP participants exhibited individual differences in their own visual information processing, as
shown by larger sample variances.
In general, results of the number and single duration of fixations
partly supported our third hypothesis. We saw that RP participants
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with reduced peripheral vision did not change exploration, as indicated by a distinct number of fixations. However, visual information
processing still decreased, as indicated by lower fixation durations.

5.5

Discussion

We investigated to what extent a gradual continuous loss of peripheral vision in individuals with RP affects natural visual behavior. We
compared eye-movement behavior between participants with and
without RP for different image sizes and different image conditions.
On spatial bias, we did not find a difference between RP- and
control-group participants, as shown by central tendency and entropy. However, we saw that RP participants exhibited individual
differences in the extent of their central tendencies with large images
and entropy with small images. These results only partly supported
our first hypothesis. On mean saccade amplitudes, we again did not
find a difference between RP- and control-group participants. By examining the frequency distribution of saccade amplitudes, we found
individual differences in RP participants for large images; however,
these differences did not reflect an adaptation of saccade amplitudes
to visual-field size. As a consequence, RP participants showed a
high probability of visual search in the blind area of their visual
field. These results fully supported our second hypothesis. On number of fixations, we saw that RP participants with reduced peripheral
vision did not change exploration; however, visual information processing decreased, as indicated by lower fixation durations. These
results partly supported our third hypothesis. Overall, the RP and
control groups did not differ on group level in their natural visual
behavior in most of the investigated oculomotor parameters.
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With respect to spatial bias, RP participants only partly adapted
visual-search behavior in favor of a more strategic viewing behavior.
Visual exploration in terms of spatial bias did not differ between the
two groups on a group level. This was evident for central tendency as
well as for entropy measuring the heterogeneous spread of fixations.
However, we found that the variance of individual differences in central tendency for large images across RP participants was higher than
across control-group participants. This suggests that each individual
developed their own strategy during the process of the disease. In
addition, the loss of peripheral vision does not necessarily lead to
a precisely circular visual field [218]. Thus, spatial differences in
peripheral visual loss could be a reason to develop individual strategies in viewing behavior. Further, our results showed that a severe
loss of peripheral vision led to a reduced central tendency of midsize
images in vertical eccentricity. As we presented natural images as
stimuli, a possible explanation why the spatial bias changed only in
vertical eccentricity could rely on human preferences in visual navigation in the environment. Previous studies have demonstrated that
environmental structures led people to shift the central spatial bias
[219, 27] – for example, toward lower parts of images in interior
natural scenes and upper parts in exterior natural scenes [28]. For
individuals with RP, the effect of environmental structures might be
even more important – for example, in order to follow a road on the
ground while keeping track of the scenery ahead. Hence, it seems to
be more crucial for behavior to extend vertical rather than horizontal eye movements. Overall, on a group level the averaged spatial
bias of RP participants did not differ from healthy visual behavior.
However, with respect to the individual differences in spatial bias
among RP participants, our results partly supported our first hypothesis that individuals with RP use a more strategic individual viewing
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behavior.
Furthermore, our results revealed that RP participants also did not
adapt their visual behavior, as reflected by saccade amplitudes. In
general, the mean saccadic amplitudes were not different between
our two groups. These results are supported by a previous report of
missing adaptation of saccadic behavior in tunnel vision [212]. One
potential reason might rely on stable motor constraints in the saccadic system [27] that lead humans to distribute saccade amplitudes
in a log-normal shape with a magnitude of up to 15° visual angle
[31, 30, 27, 32]. We assumed that these constraints were still robust
in individuals with RP, such that no unified adaptation in saccadic
behavior was initiated even though our results revealed reproducible
individual differences of the distribution of saccades in RP participants on large images. As a consequence of the sustained saccade
amplitudes, we saw that RP participants with moderate and severe
peripheral visual-field loss often targeted saccades into blind areas
of the retina. Overall, this supports our second hypothesis – that
peripheral visual-field loss in RP does not lead to an adaptation of
saccade amplitudes. Thus, in RP participants, many saccades were
made into blind areas of the visual field, leading to a blind visual
exploration.
For a better understanding of the individual search strategies of RP
participants, we also examined the number and duration of fixations.
We again saw that RP participants did not differ from control-group
participants in terms of number of fixations. Hence, visual exploration as a measure of single fixations did not adapt to reduced visual
fields. Nevertheless, fixation durations decreased in RP participants
with loss of peripheral vision. In the literature, fixation durations
are described as a measure for visual information processing [8].
Consequently, as inferred from the present study, RP participants
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had reduced information processing for natural viewing behavior of
small images. Again, they had larger variance in fixation durations
than control-group participants with small and midsize images, indicating individual differences in visual information processing. We
assume that RP participants could not risk reducing fixation durations in large images even further, as fixation durations cannot go below a certain threshold for conscious information processing [187].
Hence, individual differences as indicated by larger variance in RP
participants occurred only with small and midsize images.
Furthermore, we found general main effects of image size and condition in both participant groups. With respect to the different image
sizes and image conditions tested in this study, we could replicate
the results of our previous study showing that large images led to
enhanced exploration in healthy participants [39]. The increase of
exploration was shown by a reduced central tendency with higher
entropy and longer mean saccade amplitudes. The number of fixations also increased, consequently reducing fixation durations and
thus visual information processing [39]. As mentioned, these effects
were found in both tested participant groups in the present study,
showing that image size played a crucial role in the adaptive visual
behavior of RP participants. Although we found statistical differences between the scaled and cropped conditions in all independent
variables, the general effects of adapted visual behavior according to
image size applied to both conditions. In fact, we saw that the differences between scaled and cropped conditions followed only weak
characteristics. However – and more importantly – we found similar
trends between the two conditions of image manipulation, and thus
showed that image size as an isolated factor affected our dependent
variables. That is, the adaptation of visual behavior with different
image sizes only weakly relied on side factors, such as a varying
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depth of details of local objects within the image scenes. Again,
this was also shown in healthy subjects in our previous study [39].
Thus, by replicating our previous findings we underline the robustness of the study design and its appropriateness for the investigation
of natural viewing behavior.
There were a number of limitations of the present study. We have
to consider that more eye-tracking parameters should be examined
in order to fully understand the extent of individual visual-behavior
differences of people with RP. One approach could be to compare
whole scan paths on individual images between individuals with and
without RP. However, recent literature has described comparison between only two scan paths [220, 221]. Hence, scan-path analyses in
large data sets with more than two comparisons are complicated and
need a new tier of data processing without a generally accepted standard. Thus, this approach is beyond the scope of the present study.
In addition, visual behavior in natural environments is a combination
of eye and head movements. Individuals with RP could learn certain
viewing strategies that highly involve head movements and require
only slight adaptations in eye movements. In our study, similarly to
typical eye-tracking studies [80, 39, 215], we verbally instructed our
participants not to move their head during recordings. Especially on
large images, this verbally instructed restriction of head movements
could have limited learned viewing strategies of participants with
RP. Further studies should focus on visual behavior as an interplay
between head and eye movements, providing eye-tracking measures
in virtual environments or the real world.
An issue of importance that has to be considered in our study is
the amount of data obtained from participants with RP. Most of our
RP participants had visual-field sizes ranging between 5° and 10°
visual angle, which were thus larger than the majority of saccadic
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amplitudes. Only a few had already severe loss (1.8° visual angle)
or healthylike vision (18.5° visual angle). This limited our analyses with respect to detailed claims of correlation processes between
visual-field size and adaptation of eye movements. In addition, our
control-group participants were mostly young adults, whereas our
RP participants were generally older. While these age differences
might have a potential effect on the obtained results – for example, in terms of strategic viewing behavior [222] and information
processing as reflected by fixation durations [223] – we did not observe general statistical differences between the two groups. Consequently, although age differences in visual behavior have to be taken
into consideration, they apparently did not have a relevant impact
on the present study. For a more detailed account, however, a larger
number of patients with similar age as controls but a higher variety
of visual-field sizes should be tested in future studies.
With regard to the present study, we concluded that individuals
with RP mostly maintained healthy visual behavior, adapting only
some aspects. As shown, even though the visual fields of individuals with RP were reduced, the explorative behavior stayed similar
and thus led to a blind search as saccades were targeted outside of
the visual field. Because a reduced visual field also leads to decreased covert attention, we assumed other influences than the interplay of overt and covert attention for this sustained visual behavior.
Although peripheral cues guide saccade planning and thus exploration, studies have shown that even in free viewing, top-down information highly affects where to look next [17, 11]. According
to the relevance and interpretation of objects in a scenery, attention might rely even more on top-down information than on visual
salience [224, 26, 225]. We assumed therefore that individuals with
RP relied on such top-down information in visual behavior.
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RP is a disease that often follows a constant but slow degenerative process over the course of several years [207, 208]. During that
time, individuals might train unconsciously to use top-down information rather than rely on salient bottom-up information when deciding where to look next. In this regard, Açik, Sarwary, SchultzeKraft, Onat, and König [60] have found that older adults usually
use top-down information in visual search, whereas young adults
rely on bottom-up information. Thus, relating back to the age difference between generally younger control-group participants and
older RP participants in our study, the tendency to favor top-down
rather than bottom-up search in visual processing might even be
more pronounced. Additionally, in natural environments certain structures and shapes repeat and follow typical progression. Using this
knowledge could help to predict and expect certain objects in the
periphery while exploring a scene [226]. Consequently, we assume
that top-down information played a large role for individuals with
RP that helped to maintain similar explorative behavior as controlgroup participants. However, although top-down knowledge could
help to process peripheral objects, individuals with RP might still
lack in overall understanding of the scene context. Hence, those
with visual-field loss might have a stronger necessity to sample the
overall scene context, which might be related to the less pronounced
ability to process single fixated regions in full depth. This leads to
reduced in-depth information processing and thus reduced fixation
durations as compared to healthy controls. Overall, individuals with
RP appear to rely on top-down knowledge to guide visual attention
as an adaptation to the reduced input of the peripheral visual field,
resulting in visual exploration that follows healthylike behavior.

5.6 Conclusion

5.6
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Conclusion

Research has shown that cues in the peripheral visual field help in
visual behavior to guide exploration. In our study, we showed that
individuals with RP who experience visual-field loss only adapt their
viewing behavior according to individual strategies – not on a group
level. Image size is a crucial factor affecting individual strategies.
Further research focusing on these individual strategies might open
novel possibilities to develop new optical devices that help individuals with RP in visual navigation.

CHAPTER 6

General Discussion

The main focus of the studies presented in the previous chapters
was to better understand how bottom-up and top-down features of
images interact with spatial biases in visual overt attention. In Chapter 2 we showed that images provide a unique global salience score
that can be ranked accordingly. In a pairwise image presentation,
the global salience score of both images competes and initial eye
movement behavior is attracted towards the image with the higher
global salience score. In Chapter 3 we saw that the bottom-up global
salience of an image can be affected by top-down factors such as
emotional arousal and valence. Image with negative laden content
attracted initial eye movements more than images with positive content. Further, memory capabilities were better in favor for negative scenes. That is, participants were able to recall negative image
scenes better than positive image scenes. In Chapter 4 we focused on
the spatial image properties and showed that exploration increased in
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larger images, while in contrast reducing exploitation – and thus image processing. This adaption of exploration and exploitation with
respect to varying image sizes was also persistent in patients with
peripheral visual field loss (i.e. when the content of large images
potentially exceeded the patients’ visual field), as shown in Chapter
5.
The results of the studies included in this thesis, as well as their
relevance and limitations have already been discussed in detail in the
respective chapters. Thus, in this chapter I will focus on the general
pros and cons of eye tracking as a method with a link to the present
studies and discuss further possible developments for investigating
natural visual behavior.
Up to date, eye tracking provides the best and most reliable method
to investigate human eye movement behavior in full depth. Thus, it
is the most commonly used method in vision science to examine the
effects guiding overt attention. In the presented studies of the previous chapters, we showed how specific bottom-up and top-down
factors, as well as image sizes as spatial property affect visual behavior. With our experimental designs, we isolated the effects that
impact natural visual behavior.
Still, we need to keep in mind that all of the above mentioned
results originated from stable and sterile laboratory settings. Experimental setups in a typical eye tracking laboratory always imply a
certain risk of ecological validity. That is, these experiments only
partly represent those conditions that exist in the real (outer) world.
Although general mechanisms of overt attention remain similar, visual behavior may differ between real world exploration and observation of static images on a plain monitor.
In the study of Chapter 2, we focused on the global image salience
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of two semantically distinct images, in order to predict initial eye
movement behavior towards one of the two images. However, such
scenarios rarely occur in the real world. Although, distinct scenes
might indeed occur simultaneously, the overall visual field and perception (in the real world) is still connected by definition. In the
study of Chapter 3, we increased the ecological validity by embedding the content independent image pairs into fake news web pages.
Thus, we provided an overall context that also occurs in real world
web browsing.
In the studies of Chapters 4 and 5, we investigated the effect of
varying image sizes in visual behavior. Although we scaled the images to fit typical sizes found in daily usage (e.g. from smartphone
to TV size), results of these two studies should only be carefully
adapted to the real world, as the image sizes did not match the actual size of the visual field – in Chapter 4 and in the healthy control
group in Chapter 5. With respect to the RP patients in Chapter 5, we
indeed matched the stimulus sizes to the respective visual field size
of the patient. However, as we saw in our results, the RP patients
developed individual strategies in terms of visual behavior. Thus,
we did not find a generalized pattern in exploration and exploitation
that could be adapted 100% to real world vision.
Besides the visual field size, real world vision also implies the
combination of head and eye movements. However, a general challenge in lab conditioned eye tracking studies (as in this thesis) is the
restriction of head movements. The investigation of eye movements
often implies a restriction of head movements when using typical
stationary eye trackers for a crucial reason: As discussed in Chapter
1), the visual fixation on a an image is calculated by trigonometry
based on detected rotations of the eye ball in the eye tracking cameras. This process needs to be calibrated individually before each
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recording session. The calibration process needs to be very precise
and only tiny shifts in the arrangement of the camera detecting the
exact eye position may lead to a large impacts on the trigonometric
calculation. In this sensitive setup, even small head movements can
lead to small camera slipping and thus distorted calculations of fixation points on the stimulus. Thus, head movements gradually reduce
the accuracy of a head mounted eye tracking system.
In the studies of Chapters 4 and 5, participants were not allowed to
move their heads. Instead, they had to compensate head movements
by making longer saccades, in order to explore peripheral areas of
large images. Strictly speaking, this compensation led to rather unnatural than natural visual behavior.
In recent time, eye trackers became continuously smaller, such
that nowadays light weighted wearable glasses with small cameras
can be used to record eye movements. In contrast to classical stationary eye trackers, these eye tracking glasses overcome the above
mentioned challenges. Participants are allowed to freely navigate in
the real world including the possibility to make head movements. In
addition, eye tracking in virtual environmental (VR) setups becomes
more and more prominent. These setups help vision researchers
to investigate the next step of natural visual behavior in terms of
bottom-up and top down features, but most interestingly in spatial
factors. However, up to date these eye tracking glasses and VR
eye trackers provide only weak accuracy (>1.0° of visual angle) and
temporal resolution (<250Hz) compared to stationary eye trackers
(<0.5° of visual angle and >500Hz). Eye tracking glasses can detect fixated regions of interest but not necessarily the exact fixation
location. The on- and offset of a saccade and its amplitude can only
hardly be calculated to due to a reduced sampling rate. Thus, in vision science researchers constantly have to find the best compromise
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for their individual experimental design. Either, to recording data
with high precision and accuracy in lab conditions but lagging in
the applicability to real world visual behavior (stationary eye trackers), or providing real world conditions but sparse data (eye tracking
glasses).
As for this thesis, especially in studies of Chapters 4 and 5 we
needed highly accurate data to investigate the trade off between exploration and exploitation. The usage of head mounted eye tracker
with an accuracy of less than 0.5°of visual angle and a very fast
temporal resolution (500 Hz) was very crucial, in order to detect the
exact saccade amplitudes (exploration) as well as fixation durations
(exploitation). But also in the studies of Chapters 2 and 3 the high
accuracy was necessary to detect exact fixation locations on the respective image pairs in order to compare global and local salience.
In conclusion, the studies presented in this thesis provided new insights in the interaction of bottom-up and top-down features, as well
as spatial image properties in overt visual attention. We showed that
images can be ranked according to a unique global salience factor,
which can be used to predict eye movement behavior across images with distinct semantic content (Chapter 2). Emotions as a topdown factor have a strong impact on the global salience of an image
(Chapter 3). Further, we showed that the size of an image has to
be considered as an important spatial property, shifting the balance
between exploration and exploitation in visual behavior (Chapter 4)
and that patients with peripheral visual field loss only adapt viewing
behavior according to individual strategies but not on a group level
(Chapter 5).
In a nutshell, eye movement behavior is very sensitive to changes
in the global salience, emotional arousal and size of an image. Nev-
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ertheless, future studies should improve the experimental design of
these studies in such way, that exploration and exploitation as well
as global salience can also be precisely investigated in real world
setups.
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[60] A. Açik, A. Sarwary, R. Schultze-Kraft, S. Onat, and
P. König, “Developmental Changes in Natural Viewing Behavior: Bottom-Up and Top-Down Differences between Children, Young Adults and Older Adults,” Frontiers in Psychology, vol. 1, 2010.
[61] R. Fan, K. Chang, C. Hsieh, X. Wang, and C. Lin, “LIBLINEAR: A library for arge linear classification,” Journal of Machine Learning Research, vol. 9, no. August, pp. 1871–1874,
2008.
[62] R. Bradley and M. Terry, “Rank Analysis of Incomplete Block
Designs: I. The Method of Paired Comparisons,” Biometrika,
vol. 39, no. 3, pp. 324–345, 1952.

214

REFERENCES

[63] R. Luce, Individual Choice Behavior: A Theoretical Analysis.
Mineola, New York: Dover Publications, Inc., dover edit ed.,
2005.
[64] T. Tjur, “Coefficients of Determination in Logistic Regression
Models - A New Proposal: The Coefficient of Discrimination,” The American Statistician, vol. 63, pp. 366–372, nov
2009.
[65] N. Riche, M. Duvinage, M. Mancas, B. Gosselin, and T. Dutoit, “Saliency and human fixations: State-of-the-art and study
of comparison metrics,” in Proceedings of the IEEE international conference on computer vision, pp. 1153–1160, 2013.
[66] R. Calen Walshe and A. Nuthmann, “Asymmetrical control of fixation durations in scene viewing,” Vision Research,
vol. 100, pp. 38–46, jul 2014.
[67] T. M. Spalek and S. Hammad, “The Left-to-Right Bias in Inhibition of Return Is Due to the Direction of Reading,” Psychological Science, vol. 16, pp. 15–18, jan 2005.
[68] A. Zaeinab, J. Ossandón, and P. König, “The dynamic effect
of reading direction habit on spatial asymmetry of image perception,” Journal of Vision, vol. 16, no. 11, 2016.
[69] E. Balcetis and D. Dunning, “See what you want to see: Motivational influences on visual perception.,” Journal of Personality and Social Psychology, vol. 91, no. 4, pp. 612–625,
2006.
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(image size vs. size)

Scaled images

Cropped images
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7” vs. 10”
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< .001*
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< .001*
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< .001*
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< .001*

7” vs. 21”
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< .001*
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< .001*

7” vs. 30”
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< .001*
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< .001*

10” vs. 15”
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< .001*
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< .001*

10” vs. 21”

-25.667
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10” vs. 30”
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Webpages

Urban images

Landscape images

Note: * p-value is below the Bonferroni-adjusted alpha-level of .0008 applied due to multiple testing.

Table 6.1: Individual contrasts between pairs of image sizes regarding the central
tendency (measured by the standard deviation of the fixation distribution) in the
horizontal direction.
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< .001*

10” vs. 15”

-11.456

< .001*

-12.388

< .001*

10” vs. 21”

-17.338

< .001*

-18.238

< .001*

10” vs. 30”

-20.596

< .001*

-24.721

< .001*

15” vs. 21”

-14.205

< .001*

-14.722

< .001*

15” vs. 30”

-18.845

< .001*

-18.970

< .001*

21” vs. 30”

-13.854

< .001*

-11.867

< .001*

Webpages

Urban images

Landscape images

Note: * p-value is below the Bonferroni-adjusted alpha-level of .0008 applied due to multiple testing.

Table 6.2: Individual contrasts between pairs of image sizes regarding the central
tendency (measured by the standard deviation of the fixation distribution) in the
vertical direction.
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Supplementary Material

Contrast
(image size vs. size)

Scaled images

Cropped images

t

p

t

p

7” vs. 10”

-12.674

< .001*

-12.506

< .001*

7” vs. 15”

-16.907

< .001*

-14.793

< .001*

7” vs. 21”

-17.939

< .001*

-14.269

< .001*

7” vs. 30”

-18.417

< .001*

-14.755

< .001*

10” vs. 15”

-11.333

< .001*

-11.578

< .001*

10” vs. 21”

-12.537

< .001*

-10.987

< .001*

10” vs. 30”

-13.287

< .001*

-12.063

< .001*

15” vs. 21”

-10.205

< .001*

-7.688

< .001*

15” vs. 30”

-12.942

< .001*

-10.081

< .001*

21” vs. 30”

-10.016

< .001*

-8.826

< .001*

7” vs. 10”

-13.898

< .001*

-24.126

< .001*

7” vs. 15”

-25.361

< .001*

-41.444

< .001*

7” vs. 21”

-28.585

< .001*

-43.615

< .001*

7” vs. 30”

-29.202

< .001*

-46.774

< .001*

10” vs. 15”

-17.223

< .001*

-24.408

< .001*

10” vs. 21”

-25.654

< .001*

-30.515

< .001*

10” vs. 30”

-27.693

< .001*

-24.843

< .001*

15” vs. 21”

-13.443

< .001*

-14.099

< .001*

15” vs. 30”

-18.678

< .001*

-10.777

< .001*

21” vs. 30”

-9.550

< .001*

-1.749

.094

7” vs. 10”

-16.661

< .001*

-17.477

< .001*

7” vs. 15”

-23.754

< .001*

-23.663

< .001*

7” vs. 21”

-23.509

< .001*

-29.317

< .001*

7” vs. 30”

-24.963

< .001*

-30.241

< .001*

10” vs. 15”

-16.805

< .001*

-13.063

< .001*

10” vs. 21”

-19.854

< .001*

-21.064

< .001*

10” vs. 30”

-22.310

< .001*

-23.156

< .001*

15” vs. 21”

-12.203

< .001*

-10.606

< .001*

15” vs. 30”

-18.484

< .001*

-12.279

< .001*

21” vs. 30”

-12.875

< .001*

-8.094

< .001*

Webpages

Urban images

Landscape images

Note: * p-value is below the Bonferroni-adjusted alpha-level of .0008 applied due to multiple testing.

Table 6.3: Individual contrasts between pairs of image sizes regarding entropy.

Supplementary Material

Contrast
(image size vs. size)

241

Scaled images

Cropped images

t

p

t

p

7” vs. 10”

-8.394

< .001*

-13.929

< .001*

7” vs. 15”

-12.360

< .001*

-15.892

< .001*

7” vs. 21”

-22.022

< .001*

-25.218

< .001*

7” vs. 30”

-27.258

< .001*

-22.203

< .001*

10” vs. 15”

-6.629

< .001*

-7.228

< .001*

10” vs. 21”

-15.356

< .001*

-16.794

< .001*

10” vs. 30”

-20.704

< .001*

-17.284

< .001*

15” vs. 21”

-10.967

< .001*

-10.601

< .001*

15” vs. 30”

-21.180

< .001*

-17.004

< .001*

21” vs. 30”

-14.544

< .001*

-7.085

< .001*

7” vs. 10”

-14.875

< .001*

-12.094

< .001*

7” vs. 15”

-19.731

< .001*

-19.032

< .001*

7” vs. 21”

-31.478

< .001*

-24.639

< .001*

7” vs. 30”

-29.233

< .001*

-31.606

< .001*

10” vs. 15”

-10.454

< .001*

-14.472

< .001*

10” vs. 21”

-23.060

< .001*

-20.694

< .001*

10” vs. 30”

-25.424

< .001*

-26.207

< .001*

15” vs. 21”

-14.120

< .001*

-11.183

< .001*

15” vs. 30”

-23.839

< .001*

-22.269

< .001*

21” vs. 30”

-14.513

< .001*

-12.111

.094

7” vs. 10”

-13.276

< .001*

-14.910

< .001*

7” vs. 15”

-18.826

< .001*

-16.767

< .001*

7” vs. 21”

-28.992

< .001*

-30.137

< .001*

7” vs. 30”

-26.769

< .001*

-27.872

< .001*

10” vs. 15”

-13.498

< .001*

-10.524

< .001*

10” vs. 21”

-25.250

< .001*

-23.270

< .001*

10” vs. 30”

-24.582

< .001*

-24.266

< .001*

15” vs. 21”

-19.441

< .001*

-19.740

< .001*

15” vs. 30”

-26.206

< .001*

-25.583

< .001*

21” vs. 30”

-16.273

< .001*

-14.475

< .001*

Webpages

Urban images

Landscape images

Note: * p-value is below the Bonferroni-adjusted alpha-level of .0008 applied due to multiple testing.

Table 6.4: Individual contrasts between pairs of image sizes regarding saccade
amplitudes.
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Supplementary Material

Contrast
(image size vs. size)

Scaled images

Cropped images

t

p

t

p

7” vs. 10”

-8.784

7” vs. 15”

-13.292

< .001*

-5.586

< .001*

< .001*

-12.733

7” vs. 21”

< .001*

-17.477

< .001*

-14.041

< .001*

7” vs. 30”

-21.461

< .001*

-15.764

< .001*

10” vs. 15”

-7.114

< .001*

-6.434

< .001*

10” vs. 21”

-11.486

< .001*

-9.858

< .001*

10” vs. 30”

-18.517

< .001*

-11.168

< .001*

15” vs. 21”

-7.799

< .001*

-4.791

< .001*

15” vs. 30”

-10.699

< .001*

-6.515

< .001*

21” vs. 30”

-4.979

< .001*

-2.773

.011

7” vs. 10”

-3.874

< .001*

-4.302

< .001*

7” vs. 15”

-9.974

< .001*

-8.521

< .001*

7” vs. 21”

-11.819

< .001*

-13.281

< .001*

7” vs. 30”

-12.537

< .001*

-11.297

< .001*

10” vs. 15”

-5.191

< .001*

-5.812

< .001*

10” vs. 21”

-7.657

< .001*

-14.096

< .001*

10” vs. 30”

-10.51

< .001*

-12.041

< .001*

15” vs. 21”

-4.464

< .001*

-4.847

< .001*

15” vs. 30”

-6.894

< .001*

-6.181

< .001*

21” vs. 30”

-3.492

.002

-2.413

.024

7” vs. 10”

-4.397

< .001*

-6.018

< .001*

7” vs. 15”

-9.041

< .001*

-6.743

< .001*

7” vs. 21”

-10.845

< .001*

-10.580

< .001*

7” vs. 30”

-9.839

< .001*

-9.007

< .001*

10” vs. 15”

-4.454

< .001*

-1.477

.153

10” vs. 21”

-6.738

< .001*

-10.543

< .001*

10” vs. 30”

-6.643

< .001*

-6.739

< .001*

15” vs. 21”

-4.121

< .001*

-6.238

< .001*

15” vs. 30”

-5.565

< .001*

-4.719

< .001*

21” vs. 30”

-1.140

.024

-0.719

.479

Webpages

Urban images

Landscape images

Note: * p-value is below the Bonferroni-adjusted alpha-level of .0008 applied due to multiple testing.

Table 6.5: Individual contrasts between pairs of image sizes regarding the number
of fixations

Supplementary Material

Contrast
(image size vs. size)
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Scaled images

Cropped images

t

p

t

p

7” vs. 10”

-1.604

.122

-3.091

.005

7” vs. 15”

-1.344

.192

-1.553

.134

7” vs. 21”

-2.959

.007

-1.227

.232

7” vs. 30”

-7.097

< .001*

0.831

.415

10” vs. 15”

-0.210

.835

1.213

.238

10” vs. 21”

-1.526

.141

0.915

.369

10” vs. 30”

-5.538

<.001*

3.322

.003

15” vs. 21”

-1.355

.189

0.098

.923

15” vs. 30”

-5.432

<.001*

2.870

.009

21” vs. 30”

-3.858

<.001*

2.129

.044

7” vs. 10”

-0.595

.557

-2.919

.008

7” vs. 15”

-1.911

.068

-3.463

.002

7” vs. 21”

-2.597

.016

-4.311

<.001*

7” vs. 30”

-2.745

.012

-1.919

.067

10” vs. 15”

-1.671

.108

-1.600

.123

10” vs. 21”

-2.457

.022

-2.178

.040

10” vs. 30”

-2.447

.022

-0.176

.862

15” vs. 21”

-0.854

.402

-0.734

.471

15” vs. 30”

-1.594

.125

0.984

.335

21” vs. 30”

-0.627

.537

1.852

.077

.061

Webpages

Urban images

Landscape images
7” vs. 10”

-2.076

.049

-1.973

7” vs. 15”

-4.409

<.001*

-2.067

.050

7” vs. 21”

-4.775

<.001*

-4.755

<.001*

7” vs. 30”

-4.896

<.001*

-3.651

.001

10” vs. 15”

-3.098

.005

0.350

.729

10” vs. 21”

-4.139

<.001*

-3.196

.004

10” vs. 30”

-4.208

<.001*

-2.314

.030

15” vs. 21”

-2.102

.047

-3.575

.002

15” vs. 30”

-2.783

.011

-2.605

.016

21” vs. 30”

-0.845

.024

-0.169

.867

Note: * p-value is below the Bonferroni-adjusted alpha-level of .0008 applied due to multiple testing.

Table 6.6: Individual contrasts between pairs of image sizes regarding the number
of fixated image regions.
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Supplementary Material

Contrast
(image size vs. size)

Scaled images

Cropped images

t

p

t

p

7” vs. 10”

5.934

7” vs. 15”

12.892

<.001*

5.028

<.001*

<.001*

12.399

7” vs. 21”

<.001*

18.577

<.001*

12.095

<.001*

7” vs. 30”

17.882

<.001*

15.011

<.001*

10” vs. 15”

11.284

<.001*

5.893

<.001*

10” vs. 21”

12.070

<.001*

9.429

<.001*

10” vs. 30”

19.301

<.001*

12.181

<.001*

15” vs. 21”

7.043

<.001*

4.350

<.001*

15” vs. 30”

12.872

<.001*

7.174

<.001*

21” vs. 30”

6.963

<.001*

3.538

.002

7” vs. 10”

4.545

<.001*

7.576

<.001*

7” vs. 15”

8.489

<.001*

10.347

<.001*

7” vs. 21”

10.394

<.001*

11.557

<.001*

7” vs. 30”

9.831

<.001*

14.098

<.001*

10” vs. 15”

6.008

<.001*

3.599

.002

10” vs. 21”

8.784

<.001*

8.514

<.001*

10” vs. 30”

9.915

<.001*

11.223

<.001*

15” vs. 21”

5.901

<.001*

4.698

<.001*

15” vs. 30”

8.571

<.001*

7.114

<.001*

21” vs. 30”

4.504

<.001*

3.223

.004

7” vs. 10”

4.389

<.001*

2.912

.008

7” vs. 15”

6.787

<.001*

8.522

<.001*

7” vs. 21”

10.384

<.001*

10.344

<.001*

7” vs. 30”

10.403

<.001*

9.947

<.001*

10” vs. 15”

3.008

.006

4.475

<.001*

10” vs. 21”

8.173

<.001*

9.974

<.001*

10” vs. 30”

8.085

<.001*

9.451

<.001*

15” vs. 21”

7.009

<.001*

5.481

<.001*

15” vs. 30”

7.627

<.001*

5.670

<.001*

21” vs. 30”

3.177

.004

1.693

.104

Webpages

Urban images

Landscape images

Note: * p-value is below the Bonferroni-adjusted alpha-level of .0008 applied due to multiple testing.

Table 6.7: Individual contrasts between pairs of image sizes regarding fixation
durations.

Supplementary Material

Contrast
(image size vs. size)
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Scaled images

Cropped images

t

p

t

p

7” vs. 10”

-5.271

< .001*

-10.088

<.001*

7” vs. 15”

-8.519

<.001*

-11.297

<.001*

7” vs. 21”

-15.297

<.001*

-16.255

<.001*

7” vs. 30”

-18.836

<.001*

-21.150

<.001*

10” vs. 15”

-5.751

<.001*

-4.265

<.001*

10” vs. 21”

-12.248

<.001*

-10.232

<.001*

10” vs. 30”

-16.356

<.001*

-14.977

<.001*

15” vs. 21”

-8.882

<.001*

-7.728

<.001*

15” vs. 30”

-16.216

<.001*

-14.103

<.001*

21” vs. 30”

-9.856

<.001*

-5.562

<.001*

7” vs. 10”

-8.925

<.001*

-12.523

<.001*

7” vs. 15”

-14.286

<.001*

-15.536

<.001*

7” vs. 21”

-22.786

<.001*

-19.261

<.001*

7” vs. 30”

-19.890

<.001*

-20.500

<.001*

10” vs. 15”

-7.589

<.001*

-7.804

<.001*

10” vs. 21”

-16.655

<.001*

-12.952

<.001*

10” vs. 30”

-17.467

<.001*

-14.107

<.001*

15” vs. 21”

-9.083

<.001*

-6.535

<.001*

15” vs. 30”

-12.992

<.001*

-11.076

<.001*

21” vs. 30”

-5.931

<.001*

-4.551

<.001*

7” vs. 10”

-8.748

<.001*

-13.687

<.001*

7” vs. 15”

-12.967

<.001*

-14.532

<.001*

7” vs. 21”

-17.866

<.001*

-21.428

<.001*

7” vs. 30”

-21.642

<.001*

-17.725

<.001*

10” vs. 15”

-11.288

<.001*

-8.723

<.001*

10” vs. 21”

-16.692

<.001*

-16.252

<.001*

10” vs. 30”

-21.505

<.001*

-15.451

<.001*

15” vs. 21”

-8.462

<.001*

-10.423

<.001*

15” vs. 30”

-16.763

<.001*

-10.667

<.001*

21” vs. 30”

-9.835

<.001*

-4.935

<.001*

Webpages

Urban images

Landscape images

Note: * p-value is below the Bonferroni-adjusted alpha-level of .0008 applied due to multiple testing.

Table 6.8: Individual contrasts between pairs of image sizes regarding saccade
durations.

