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Chapter 1
General introduction

Take a look at the scenes in Figures 1.1A & 1.1B. Both are examples of
real-world scenes and by only looking at them for a tenth of a second
we are able to recognize and remember the gist of these scenes (Oliva
& Torralba, 2006; Potter & Levy, 1969). For example, we are able to
tell whether such scenes are indoor or outdoor (Pavlopoulou & Stella,
2010), are man made or naturalistic (Groen, Ghebreab, Prins, Lamme, &
Scholte, 2013) and describe what objects we saw (Potter & Levy, 1969).
This shows the remarkable e�ciency with which our brains developed
to process visual information from real-life scenes.

Although we are able to extract a lot of global information at �rst
glance, we cannot see the details without looking at speci�c regions. For
instance, in order to see what the kiosk in the Figure 1.1A is selling we

A B

Figure 1.1 – Two examples of real-world scenes
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1. General introduction
1

need to shift our eyes towards the left region to process that area in more
detail. Similarly, we would recognize Figure 1.1B to be a desk with a
computer at �rst sight, but in order to see what is actually shown on
the monitor we have to move our eyes towards the monitor to process
it in more detail. These shifts in eye movements are necessary because
the visual acuity is highest in the fovea and declines rapidly at more
peripheral parts of the retina. The regions of the scenes that are selected
to be processed in more detail determine what we will remember, rec-
ognize and reason about. Therefore, the question of how we select the
regions to process in more detail when looking at real-world scenes is
a fundamental question in the �eld of cognitive science and is also the
core question of this thesis.

This thesis studies free scene viewing from a developmental per-
spective and focuses at the detailed processing of real-world scenes
by examining the eye movements that infants (3 - 20-month-olds) and
young adults make when looking at such scenes. This developmental
perspective allows answering two main questions. First, how does free
scene viewing of real-world scenes develop in infants? This will provide
insights into the information that infants have available to shape the
development of cognitive processes such as remembering, recognizing
and reasoning. Second, can these insights from infants help under-
stand the factors driving adult attention over real-world scenes? Scene
viewing does not require any instructions and therefore the exact same
experimental procedure can be conducted in both infants and adults to
make comparisons possible. Di�erent factors are believed to guide adult
viewing behavior, such as background knowledge (Henderson & Hayes,
2018) and general eye movement characteristics (Tatler & Vincent, 2008,
2009). Comparing how infants and adults allocate their attention over
real-world scenes provides an opportunity to improve understanding
of the role these factors play in adults. Adults have a lot of background
knowledge, the objects in the scenes are familiar to them and so is the
context in which the objects appear. In contrast, infants’ experience is
limited which suggests that di�erences in gaze behavior between infants
and adults may also be a result of knowledge and experience. Com-
paring infants and adults allows to get more insight into the extent in
which top-down knowledge plays a role in guiding adult attention over
real-world scenes.

To answer these two questions the main experimental approach in
this thesis was to record eye movements during free scene viewing.
The sections below will introduce both concepts in more detail by giving

12
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1

a brief overview of the literature for both infants and adults. Then,
the general approach of how the research was conducted is introduced
followed by an overview of the chapters in this thesis.

1.1 Eye-movements

In this thesis the recordings of eye movements are used to study visual
attention. There is a tight link between eye movements and attention.
Often our eyes and attention are targeted at the same location, this is
called overt attention. However, we are also able to shift our attention to a
di�erent location than the location we are looking at, this is called covert
attention. During free scene viewing it is believed that our attention
shifts �rst after which the eyes follow quickly. As such, eye movements
provide a good measure of visual attention. This section outlines the
di�erent types of eye movements, which are of interest for this thesis and
it provides some background on eye movement control and perceptual
development of infants.

1.1.1 Types of eye movements

Four main types of eye movements are distinguished: saccadic eye move-
ments, smooth pursuit movements, vergence movements and vestibulo-
ocular movements. This thesis focuses only on saccadic eye movements,
but in order to get a better understanding of what is being studied and
what is not, a brief description of the four types is given below.

1.1.1.1 Saccadic eye movements

Saccadic eye movements are characterized by quick jumps, called sac-
cades, that bring a new part of the visual scene into focus. In between
the saccades, the eyes remain relatively stable (~300 ms) which is called
a �xation. As you are reading this text you are making saccadic eye
movements in which the �xations fall on words and the saccades are
the jumps from word to word. These series of �xations and saccades are
called scanpaths which form an important part of the data in this thesis.
Making saccadic eye movements is mainly an automatic process as we
are not aware that our eyes are making a jump 3 times each second. We
can voluntarily control this process by moving our eyes where we like
or keep �xating one location. However, the eyes are never completely

13
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1

still and when keeping the eyes �xated on one location this will actually
result in many small saccades around the �xation point.

1.1.1.2 Other eye movements

Instead of the rapid saccadic jumps, our eyes are also able to trackmoving
objects, which is called smooth pursuit. Interestingly, tracking a moving
object is often needed to be able to make smooth pursuit movements,
without something moving it is really di�cult to move our eyes in a
smooth fashion and we end up making saccades instead. Even during
the tracking of a moving object there are often corrective saccadic eye
movements needed to catch up with the object being tracked.

Vergence movements are the eye movements to align the left and
right eye. This type of eye movements moves the eyes closer to together
(convergence) or further apart (divergence) to make sure both eyes have
the same projection at the center of the retina.

Vestibulo-ocular movements are the eye movements you make when
moving your head while keeping the �xation in the same location. This
eye movement keeps the eyes looking at the same position while the
head moves.

As we use static images, smooth pursuit cannot occur, vergence is not
of interest to the current work, and we typically use single eye record-
ings. However, vestibulo-ocular movements can occur but would not be
recorded as an eye movement. As we use screen-centered coordinates,
participants can keep their �xation in the same location while moving
their head, making a vestibulo-ocular movement that would be recorded
as a �xation, rather than an eye movement.

1.1.2 Saccadic eye movements in infants

Throughout this thesis the term eye movements, refers to saccadic eye
movements. The ability to make saccadic eye movements is present in
newborns as they are able to follow a moving object using saccadic eye
movements (Aslin & Smith, 1988). The ability to track objects using
smooth pursuit movements develops later from 2 to 5 months of age
(Bronson, 1982; Von Hofsten & Rosander, 1997). In order to perceive
static real-world scenes infants also require perceptual functions such as,
contrast sensitivity, depth perception and color discrimination. These
functions are limited at birth, however they develop rapidly during the
�rst few months of life. Although development continues until early
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childhood, around 3-4 months of age these functions are developed
su�ciently well to perceive colorful real-world scenes with high acu-
ity (Slater, 2002). All in all, the visual system of infants is developed
su�ciently well to use their eye movements as a measure of attention
and make meaningful comparisons with adults. Nevertheless, there are
methodological concerns that will be discussed inmore detail in Chapter
2.

1.2 Free viewing of real-world scenes

1.2.1 What are real-world scenes?

A real-world scene is de�ned as a semantically coherent view of an
environment of background elements and objects that are arranged in
a spatially coherent manner (Henderson, 2005; Henderson & Holling-
worth, 1999). In research, these are often photographs of real-world
environments, as opposed to single objects, arti�cial scenes such as frac-
tals, or scenes violating the laws of physics. This is still a broad de�nition
that includes many types of scenes as can also be seen by the di�erences
between Figure 1.1A & Figure 1.1B, in view point, setting, number of
objects, etc. Moreover, the same objects can be a background element
or an object depending on the view point of the scene. For instance,
the desk in Figure 1.1B would be considered a background element
on which multiple objects (e.g., laptop, monitor, computer mouse) are
arranged, however when the photograph was taken of the whole room
the desk would be considered an object. Although this broad de�nition
imposes some limitations in selecting stimuli and experimental control,
the upside is that it allows to study (the development of) visual attention
in a setting that is more ecologically valid than using simpli�ed and/or
isolated visual stimuli.

1.2.2 Free viewing in adults

The literature on static scene perception in adults is dominated by the
debate to what extent di�erent factors in�uence attention allocation.
The main factors that are proposed to (interact to) drive attention are
task instructions (Castelhano & Henderson, 2008; Castelhano, Mack, &
Henderson, 2009), saliency (Borji, Sihite, & Itti, 2013; Itti & Koch, 2000;
Itti, Koch, & Niebur, 1998), cognitive relevance (Henderson & Hayes, 2018;
Nuthmann & Henderson, 2010; Stoll, Thrun, Nuthmann, & Einhäuser,
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2015) and general biases (Tatler, Hayhoe, Land, & Ballard, 2011; Tatler &
Vincent, 2009). As task instructions are not relevant for the comparison
between infants (who cannot be instructed) and adults this factor is not
further discussed or considered here.

Of the other three factors, the general biases are mostly considered
as a confounding factor that must be controlled for either through exper-
imental design or in the data analyses to isolate the in�uence of saliency
and cognitive relevance. General biases include the horizontal bias, the
tendency to look along the horizontal direction (Foulsham & Kingstone,
2010; Foulsham, Kingstone, & Underwood, 2008; Gilchrist & Harvey,
2006) and the center bias, the tendency to look at the center (Clarke &
Tatler, 2014; Tatler, Baddeley, & Gilchrist, 2005). Since these general bi-
ases make certain locations more likely to be �xated than other locations,
their in�uence must be controlled for to understand the contribution of
the other factors, saliency and cognitive relevance.

With task instruction out of the equation and the in�uence of general
biases controlled for, the main question in the adult literature regarding
free scene viewing is to what extent saliency and cognitive relevance drive
attention over real-world scenes. Saliency refers to the low-level bottom-
up characteristics of the scene (e.g., contrast, edges, color), whereas
cognitive relevance refers to the viewer’s knowledge of the objects in
the scene and the context in which they appear. Both factors play a
role, although researchers disagree whether saliency (Borji et al., 2013)
or cognitive relevance (Henderson, 2017) is the more dominant factor,
with recently the scale tipping more towards cognitive relevance than
saliency.

Free scene viewing is an interesting paradigm to study in infants,
as infants in their �rst years are still acquiring important background
knowledge and cognitive relevance is unlikely to play a large role. Since
perceptual abilities to perceive contrast, color, edges and other low-level
saliency factors arewell developed in 3-4-month-old infants (Slater, 2002),
we would expect to see a larger in�uence of saliency for younger infants
that shifts more towards cognitive relevance as infants get older. The
scene viewing paradigm thus has the potential to detect the emergence
of higher order cognitive factors during the �rst years of life. In addition,
comparing infants with adults can shed light on the question whether
cognitive relevance is more dominant than saliency in driving adult
attention over real-world scenes. If infants and adults have similar gaze
patterns (apart from di�erences in data quality) this would make the
saliency account more likely, whereas di�erences in gaze patterns could
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be the result of cognitive relevance being the main driver of attention.

1.2.3 Free viewing in infants

Most work using free viewing in infants focused on the development of
attention towards social stimuli. For instance, studies examining the de-
velopment of attention to faces in static scenes (Amso, Haas, & Markant,
2014; Di Giorgio, Turati, Altoè, & Simion, 2012; Kwon, Setoodehnia,
Baek, Luck, & Oakes, 2016) and dynamic video’s (Franchak, Heeger,
Hasson, & Adolph, 2016; Frank, Vul, & Johnson, 2009; Frank, Vul, &
Saxe, 2012) show that infants have a bias to attend to faces. These studies
with typically developing infants also help to identify infants at risk for
developmental disorders such as autism and Williams syndrome. For
both autism (Wass et al., 2015) andWilliams syndrome (Riby &Hancock,
2008), infants at risk to develop these disorders have a less strong bias
for faces. This shows how free viewing studies might provide insights
into the development from a young age onward. Similarly, studying free
scene viewing of real-world stimuli in infants might provide insights
into the development of cognitive relevance driving attention in complex
environments.

Infant attention has been characterized as a development from us-
ing exogenous features (e.g., perceptual saliency) towards using more
endogenous features (e.g., knowledge) (Johnson, 1990, 2002). This de-
velopmental framework �ts well with the ongoing debate in the scene-
viewing literature about the extent to which scene perception is guided
by saliency or cognitive relevance. From this perspective, it would be
expected that saliency plays a prominent role in infant attention towards
real-world scenes. Surprisingly, the studies using saliency as a predictor
of �xation locations provide mixed results. Saliency seems to be a better
predictor for adult �xation locations, than for infant �xation locations
(Mahdi, Su, Schlesinger, & Qin, 2017). Moreover, �xation locations of
older infants are better predicted using saliency than �xation locations
of younger infants (e.g., Amso et al., 2014; Franchak et al., 2016).

From both the developmental theory and the adult scene viewing
literature it would be expected that the in�uence of saliency would de-
crease with age, yet the empirical observations point in the opposite
direction. A possible explanation for this discrepancy is that objects (that
would be selected based on cognitive relevance) are also perceptually
salient (Elazary & Itti, 2008). This may imply that the increasing pre-
dictive power of saliency with age, may actually be a side e�ect of the
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correlation between salient locations and object locations. In order to
understand free scene viewing behavior in infants it is thus important to
examine how the di�erent factors interact to drive infant attention over
real-world scenes.

1.3 Methodological approach

Research for this thesis started shortly after the replication crises in psy-
chology came to light. After replicating 100 studies published in three
prominent psychology journals in 2008, only a third of the original e�ects
could be replicated (Open Science Collaboration, 2015). The failure to
replicate is often explained by a number of factors such as publication
bias (Ioannidis, 2005), researcher degrees of freedom (Simmons, Nel-
son, & Simonsohn, 2011), Hypothesizing After the Results are Known
(HARKing) (Kerr, 1998) and the use of frequentist statistics (Cohen, 1994;
Wagenmakers, Wetzels, Borsboom, & Van Der Maas, 2011).

Journals tend to over emphasize statistically signi�cant results and
studies reporting p-values lower than .05 have a higher chance to get
published. In addition, journals favor studies reporting new insights,
making replication studies very hard to publish. This then leads to
researchers who consciously or unconsciously do not replicate work of
others and strive to �nd statistically signi�cant e�ects in their own data.
Since the frequentist framework of statistical analysis cannot be used
to properly assess e�ects in exploratory data-analysis, this leads to the
publication of e�ects that are more likely to be a coincidence than an
actual e�ect which explains why so many studies failed to replicate.

The infant domain is, unfortunately, no exception. Sociologist Peter-
son spent 16 months working in three baby labs across the United States
and his observations were very much in line with what is known from
the psychological literature in general (Peterson, 2016). Questionable
research practices, such as piloting until something ‘works’, excluding
infants that do not ‘get’ the experiment, testing multiple variables and
sequential data analysis during data collection were all common prac-
tices. This raises the question how to make sure that the work reported
in this thesis is not subject to the same fallacies.

Luckily, a counter movement has started to emerge in which larger
scale collaborations are more common and sharing data becomes the
norm. The Open Science Framework (OSF) allows to register hypotheses
upfront and share data afterwards. This makes HARKing (Kerr, 1998)

18



1.3. Methodological approach
1

more di�cult and limits the researcher degrees of freedom (Simmons et
al., 2011). An aim of this thesis project was to stay as far away as possible
from questionable research practices and be open and transparent about
the experimental methods, data analyses and replicability.

1.3.1 Experimental methods

In order to ensure that all infants that came to the lab could also par-
ticipate and avoid experiment-dependent selection of babies, we tried
to optimize the experimental routine. This is important, especially in
infant eye-tracking studies, as it is easy to ‘lose’ infants that fuss out,
lose their attention early during the experiment, or produce low quality
data due to poor calibration, movement or otherwise. Adult eye-tracking
studies are often conducted with a chin-rest in order to minimize head
movement, and optimize data quality. As infants cannot use a chin-rest,
they were seated in a car seat to limit their head movement as much as
possible. To optimize data quality the calibration routine and presenta-
tion of attention getters were modi�ed compared to common procedures
in adults or other infant studies.

A necessary part of all eye-tracking research is doing a calibration
such that there is some con�dence that the reported gaze locationsmatch
the locations actually looked at. For adults this procedure is easy, adults
are asked to look at small dots that appear on di�erent locations on the
screen such that the a mapping between the recorded and actual gaze
location can be made. For infants this procedure is much harder as they
are not naturally interested to look at small dots (even though there is
nothing else to see). In order to conduct the calibration we replaced
the small dots by a colorful larger animated cartoon accompanied by a
sound to attract the attention. This allowed us to calibrate most infants (>
90%) that came into the lab which is quite good compared with numbers
reported in the literature.

To further optimize data collection after the calibration took place,
every trial started with an attention getter (animated cartoon) that would
start the trial in a gaze contingent fashion after it was �xated by the infant.
This optimized both the amount of data and data quality. The amount
of data was increased because a scene would only be presented once the
infant was actually looking at the screen. If the infant would not look at
the attention getter, a new attention getter would be presented until the
infant would re-attend to the screen. The data quality is also optimized
because of the gaze contingent setup (Wang & Pomplun, 2012). If the
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calibration would have drifted to far then the infant would not be able to
start a new scene by looking at the attention getter. If this happened, the
calibration procedure would be repeated leading to better data quality.

1.3.2 Data analyses

In order to avoid HARKing (Kerr, 1998), the hypotheses of the studies
were registered with the OSF upfront when possible. This allowed to
split the data analysis in a con�rmatory and an exploratory part. The
con�rmatory data analyses based on pre-speci�ed hypothesis can be in-
terpreted with more con�dence than the exploratory analysis. Although
the frequentist framework is often criticized for being far from optimal
(e.g., Cohen, 1994), this thesis does rely on the frequentist method for
the data analyses. This is mostly a pragmatic choice as most of the
researchers in the �eld use frequentist methods and the frequentist
framework is the method I learned to use during my studies.

1.3.3 Replicability

This thesis is written in Rstudio (RStudio Team, 2015) using R for the
statistical analyses and visualizations and LATEXto typeset the thesis.
These are open source software packages that anyone can use and thus
do not rely on common proprietary software packages such as Word,
Excel, SPSS or Matlab. The bene�t of the open source software is that the
source code is known, which makes it possible to check how the actual
analyses are conducted and makes it possible to replicate the analyses.

Normally statistical analyses are conducted in Excel, SPSS or Matlab,
and then results are copied to the text editor. This procedure is prone to
error for a couple of reasons. First, it is easy to misread the output and
copy the wrong statistical results. This actually happens a lot, as 50% of
all published papers contain statistical errors (Nuijten, Hartgerink, Assen,
Epskamp, & Wicherts, 2016). Second, it becomes nearly impossible to
retrace where the numbers in the tables, the data on which the �gures
are based and the actual statistical test scores came from, as these were
generated in di�erent software. Third, almost every study requires some
sort of processing of the raw data, into a format that can be analyzed in
SPSS or turned into a �gure in Excel. This makes it even harder to track
the pre-processing, the data analyses and the actual report.

This thesis uses R in combination with LATEX, which allows to in-
tegrate the text, statistical analyses and resulting tables and �gures,
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and the pre-processing into a single pipeline. Every chapter in this
thesis has its own set of pre-processing routines, data analyses and vi-
sualizations and text combined in a single �le. In order to generate a
chapter, �rst the raw data is loaded and pre-processed using the rou-
tine documented in the �le. Then the processed data is used for the
analysis, tables and �gures to generate the document. This has the
bene�t of having all the steps from the raw data to the report in one
folder and allows to replicate everything in a straight forward way. This
ensures replicability and makes it easy to track and reduces the likeli-
hood of errors in the manuscript. All the �les can be found via this link:
https://surfdrive.surf.nl/�les/index.php/s/jzvi3EUtGfblqEH and as-
sessed using the password: proefschrift

1.4 Overview of this thesis

Chapter 2 addresses an important methodological concern when using
eye-tracking with infants: data quality. Infant eye-tracking data will
never be of the same high quality as adult data and therefore Chapter 2
introduces a method to classify �xations and saccades that is reliable in
both low- and high-quality data. This method is used throughout this
thesis to extract �xations and saccades from the raw data.

Chapters 3 and 4 study, respectively, the horizontal bias and the cen-
ter bias in infants. Understanding of these general biases in infants is
important to control their in�uence when studying the role of higher
order cognitive relevance and lower level perceptual saliency. As such,
the results of these studies will be used in subsequent studies of this
thesis. Chapter 5 dives deeper into the general biases and provides an
exploratory analysis of the three data sets used in this thesis to exam-
ine the systematic tendencies that underlie both infant and adult gaze
behavior. It is shown that both infant and adult scanpaths show simi-
lar systematic tendencies which is interpreted as evidence that similar
low-level processes in�uence both infant and adult eye movements.

Chapter 6 presents a model that uses saliency and adult �xation
locations to predict infant �xation locations. In this model the informa-
tion about the general biases from Chapters 3 and 4 is used to control
for the in�uence of these biases. A second model assesses the �xation
durations during free scene viewing. This chapter provides evidence
for a development in which infant attention allocation becomes more
adult like during the �rst year of life. Chapter 7 extends the �ndings of
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Chapter 6 by studying the role of object familiarity directly instead of
using adult �xation locations as a proxy. Younger infants look earlier
and more often at perceptually salient objects, whereas older infants
look at earlier and more often at familiar objects. Chapter 8 provides an
in-dept analysis of object perception in real-world scenes. In this chapter,
the detailed characteristics of object perception in real-world scenes are
examined, such as the saccade direction from which objects are targeted
and the �xation duration on objects.

Chapter 9 summarizes the main �ndings of all studies and discusses
their implications for both the �eld of scene viewing and the infant
literature on perceptual and cognitive development.
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Chapter 2
Gazepath

ABSTRACT
Eye-trackers are a popular tool to study cognitive, emotional and attentional
processes in di�erent populations (e.g., clinical and typically developing) and
participants of all ages, ranging from infants to elderly. This broad range of
processes and populations implies there are many inter- and intra-individual
di�erences that need to be taken into account when analyzing eye-tracking data.
Standard parsing algorithms supplied by the eye-tracker manufacturers are
typically optimized for adults and do not account for these individual di�er-
ences. This paper presents gazepath, an easy-to-use R-package that comes with
a graphical user interface (GUI) implemented in Shiny (RStudio, Inc, 2017). The
gazepath R-package combines solutions from the adult and infant literature to
provide an eye-tracking parsingmethod that accounts for individual di�erences
and di�erences in data quality. We illustrate the usefulness of gazepath with
three examples of di�erent data sets. The �rst example shows how gazepath
performs on free-viewing data of infants and adults, compared to standard
Eyelink parsing. We show that gazepath controls for spurious correlations
between �xation durations and data quality in infant data. The second example
shows that gazepath performs well in high quality reading data of adults. The
third and last example shows that gazepath can also be used on noisy infant
data collected with a Tobii eye-tracker and low (60 Hz) sampling rate.

This chapter is published as:

van Renswoude, D. R., Raijmakers, M. E. J., Koornneef, A., Johnson, S. P., Hunnius,
S., & Visser, I. (2018). Gazepath: An eye-tracking analysis tool that accounts for
individual di�erences and data quality. Behavior Research Methods, 50(2), 834–852.
https://doi.org/10.3758/s13428-017-0909-3
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2 2.1 Introduction

Eye-tracking has become a popular tool in many psychological dis-
ciplines. For instance, eye-tracking is used to study reading abilities
(Rayner, 2009) and real-world scene perception (Henderson, 2003) in
di�erent types of populations and age groups. For example, eye-trackers
enable researchers to quantify di�erences between clinical populations
and healthy controls in disorders such as schizophrenia, attention-de�cit
hyperactivity disorder (ADHD) and Williams syndrome (e.g., Riby &
Hancock, 2008; Karatekin & Asarnow, 1999). Even in infants, looking
measures have been suggested to predict infants at risk to develop autism
(Wass et al., 2015). In reading research, eye-tracking can provide insights
into reading behavior di�erences between children with and without
dyslexia (e.g., Hutzler &Wimmer, 2004), or between children, adults, and
the elderly (Paterson, McGowan, & Jordan, 2013; Rayner, 2009; Rayner,
Reichle, Stroud, Williams, & Pollatsek, 2006; Reichle et al., 2013).

The fact that eye-tracking can be used in such a broad range of popu-
lations is one of its main advantages (Karatekin, 2007). However, this
also implies that there are most likely individual di�erences that should
be taken into account, especially when comparing di�erent populations.
This paper presents gazepath: an R-package developed to detect �xations
in eye-tracking data while accounting for individual di�erences.

Fixations and saccades are the main elements of gaze patterns. Dur-
ing �xations visual processing takes place and encoding information
in memory is possible, whereas saccades are the rapid eye movements
during which visual sensitivity is suppressed (Matin, 1974). In order to
analyze gaze patterns, eye-tracking data must be parsed into �xations
and saccades. This is commonly accomplished by using dispersion, ve-
locity and/or acceleration based algorithms supplied by the eye-tracker
manufacturer. For example, EyeLink (SRResearch Ltd., Ontario, Canada)
uses a velocity threshold of 35 deg/s and an acceleration threshold of
8000 deg/s2 as default values, although these thresholds can be altered
manually. When both speed and acceleration of the eye exceed these
thresholds, it is assumed a saccade took place. Dispersion thresholds, on
the other hand, assume a saccade takes place when a distance threshold
is crossed. For instance, the Tobii Clearview 2.7 (Tobii Eye Tracker User
Manual, 2006) de�nes the end of a �xations when the eye has moved
.9◦ of visual angle, although this threshold can also be set to di�erent
values.

In our eye-tracking studies with infants (van Renswoude et al., 2016),
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2we noticed that these standard algorithms with �xed thresholds were
often unable to correctly identify �xations and saccades. This is a well-
known problem in infant eye-tracking research (e.g., Wass et al., 2014;
Gredebäck, Johnson, & Hofsten, 2009; Hessels, Andersson, Hooge, Nys-
tröm, &Kemner, 2015), aswell as in adult eye-tracking research (e.g., Shic,
Scassellati, & Chawarska, 2008; Nyström & Holmqvist, 2010). The aim
of this work is to combine solutions from the �elds of adult and infant
eye-tracking and develop a tool that can be used to parse eye-tracking
data of di�erent populations and data quality into �xations.

2.1.1 Individual differences

Standard velocity and dispersion thresholds provided by eye-tracker
manufacturers are not always optimal. Sometimes small saccades are
missed because the threshold was not crossed, and it also happens that
a speed and/or dispersion threshold is crossed, while no actual saccade
took place. Optimizing the detection of �xations requires the use of
di�erent thresholds for di�erent participants. Even in di�erent blocks
or trials, stimuli, tasks or the mood of the participant can elicit di�erent
eye movements that are best classi�ed by di�erent thresholds. Standard
algorithms supplied by eye-tracker manufacturers assume one threshold
for everyone at every time during the experiment.

Setting individual thresholds can possibly improve �xation detection,
although there are some drawbacks. For instance, in a study it could
become di�cult to tell whether observed individual di�erences on the
task re�ect real underlying di�erences, or an artifact of the di�erent
threshold choices. Study results can depend on these threshold choices.
Shic et al. (2008) showed that using a di�erent threshold, but the same
within groups, can result in the (dis)appearance of an e�ect between
these groups. The use of individual thresholds also complicates the
replication and comparison of these studies (Nyström & Holmqvist,
2010). Therefore, statistical criteria are needed to de�ne threshold values.

The literature o�ers several data-driven algorithms for de�ning
thresholds (e.g., Blignaut, 2009; Nyström & Holmqvist, 2010; Shic et
al., 2008). In a recent paper Andersson, Larsson, Holmqvist, Stridh,
& Nyström (2017) compared ten (mostly data-driven) algorithms
with classi�cation by humans. The aim of their study was to �nd
the best performing algorithm, but they found large di�erences in
performance, making it di�cult to determine the best. Applied to
static stimuli, the adaptive velocity-based algorithm of Nyström &

25



2. Gazepath

2 Holmqvist (2010) produced similar �xation durations as trained human
coders. On a sample-to-sample basis, however, other algorithms
performed well. For instance, algorithms that use hidden Markov
models (Komogortsev, Gobert, Jayarathna, Koh, & Gowda, 2010), a
binocular-individual threshold (Lans, Wedel, & Pieters, 2011) or a
simple velocity threshold had also a close match to the human coders.
An algorithm that Andersson et al. (2017) did not take into account is
the algorithm developed by Mould, Foster, Amano, & Oakley (2012).
This velocity-based algorithm is completely data-driven, meaning there
is no need for initial starting values as in most data-driven algorithms.
The Mould et al. (2012) algorithm is able to adapt itself to the quality
of the data, by increasing velocity thresholds in low quality data and
lowering velocity thresholds in high quality data. This algorithm makes
it possible to apply the same method to the data of all participants,
yet allowing for individual threshold estimation. This algorithm is
developed for use in adult studies and not yet tested with infant data.
Moreover, additional processing of the data is needed to deal with
speci�c data-quality issues often observed in infants. As noise is a major
issue in infant eye-tracking, we used the Mould et al. (2012) algorithm
as a starting point for gazepath, because this algorithm is explicitly
designed to adjust thresholds to noise in the data without specifying an
initial starting threshold.

2.1.2 Data quality

A typical case of infant eye-tracking data is much noisier than adult
eye-tracking data. Sampling point �uctuations are larger in infants than
adults and there are much more missing sampling points. This is caused
by multiple factors, for example, infants tend to make more head move-
ments than adults, causing instances of missing data as the eye-tracker
needs to re-identify the position of the head (Hessels et al., 2015). Head
movements may also make it di�cult for the eye-tracker to identify the
eyes; for instance, the nostril may be mistaken for the pupil, resulting
in a signal moving between the eye and the nostril. Furthermore, in-
fants’ eyes can be watery, resulting in �icker in the data where the signal
rapidly switches between on and o� (Wass et al., 2014).

Figure 2.1 shows eight seconds of raw eye-tracking data measured
with a Tobii eye-tracker (Tobii 1750, Tobii Technology, Stockholm, Swe-
den). Time is plotted on the x-axis and the x- and y-positions of the left
and right eyes are plotted on the y-axis. Data quality is characterized
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Figure 2.1 – Example of low robustness and low precision in eye-tracking data
collected with a Tobii 60Hz eye-tracker. The colored horizontal line at y = 380,
represents the �xations classi�ed by the Tobii. When the color switches, a new
�xation is identi�ed, it can be seen that low data quality leads to identi�cation
of many short �xations. Also note the puzzling instances around 100 msec. and
7000 msec., where Tobii detects �xations without any gaze data.

by precision and robustness (Wass, Smith, & Johnson, 2013). Precision
refers to the sampling point �uctuations. In Figure 2.1 the signal in the
purple circle shows large �uctuations, thus low precision. Robustness
refers to sequences of missing data. When there is a constant signal
robustness is high, but when the signal �ickers on and o�, such as in
the yellow circle in Figure 2.1, robustness is low. The horizontal colored
sequences below the left and right eye signals are the �xations that are
classi�ed by the standard Tobii event detection algorithm. Each color
change indicates a new �xation. In the purple circle, where precision is
low, four �xations are classi�ed; however by looking at the data it seems
more likely that one long �xation took place. Because of the low preci-
sion, the dispersion threshold of the Tobii algorithm is crossed several
times and new �xations are classi�ed. This shows how data quality can
in�uence dependent variables such as �xation durations. In line with
this example, Wass et al. (2014) found that data quality correlates with
key dependent variables, such as �xation durations. Lower data quality
goes hand in hand with shorter �xation durations. Furthermore, data
quality is also a�ected by other variables, such as age. Older infants
have better data quality than younger infants (Wass et al., 2014). This
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2 makes it hard to assess, for instance, the relationship between �xation
duration and age, as it is also in�uenced by data quality. (See Wass
and colleagues, 2013, 2014 and Hessels and colleagues, 2015 for a more
detailed discussion on data quality in infant eye-tracking.)

The relationship between data quality and dependent variables has
been identi�ed as a problem in infant eye-tracking studies, and several
solutions have been o�ered. Wass et al. (2013), for example, developed a
parsing algorithm that performs post-hoc checks on the data. Fixations
are only kept if they have incoming and outgoing saccades. This is done
tomake sure �xation durations are not a�ected bymissing data instances.
These algorithms were used as the basis of GraFIX, a semiautomatic
approach for parsing eye-tracking data (Urabain, Johnson, & Smith, 2015).
A major advantage of GraFIX over most other algorithms is that GraFIX
comes with a graphical user interface (GUI). This makes GraFIX also
usable for researchers who lack MATLAB skills. A downside, however,
is that GraFIX needs considerable user input. Fixations are initially
parsed automatically and can then be manually adjusted. Despite these
possible solutions, infant eye-tracking studies reporting data quality
and/or taking measures to overcome the issues described here remain
scarce.

2.1.3 Current study

To summarize, standard eye-trackermanufacturer classi�cationmethods
provide no satisfactory solution to reliably parse eye-tracking data of
di�erent populations, because they do not allow individual threshold
estimation. The algorithms that use individual thresholds are not yet
suited to analyze infant eye-tracking data and the algorithms developed
by Wass et al. (2013) and Urabain et al. (2015) to analyze infant data do
not allow individual threshold estimation. Furthermore, most of these
approaches (except GraFIX) are implemented in MATLAB which is ex-
pensive and requires advanced programming skills to use. In this paper
we attempt to combine the best of both worlds into a new eye-tracking
parsing tool called gazepath. Gazepath is an easy-to-use open-source
software tool, implemented in R (R Core Team, 2017). It comes with a
GUI implemented in the R-package shiny (RStudio, Inc, 2017). Gazepath
is capable of dealing with low quality eye-tracking data in terms of ro-
bustness and precision, but is also well suited for high quality data. We
show this by examining correlations between data quality and outcome
measures and assessing the distribution of �xation durations when the
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2gazepath method is used, compared to the standard classi�cation meth-
ods. The functionality of gazepath will be illustrated on di�erent data
sets; �rst, we show how gazepath performs compared to the standard
Eyelink classi�cation on a free-viewing data set of infants and adults.
Second, we compare gazepath performance with Eyelink performance
on an adult reading data set. Third, we illustrate how gazepath performs
on low sampled (60 Hz) infant experimental data collected with a Tobii.
These data sets are chosen to re�ect the data extremes obtained with
eye-trackers. On the one end of the spectrum, there is infant free-viewing
which can be highly variable without any predictable patterns to expect.
On the other end, there is adult reading, a highly automatic process with
a very predictable pattern.

2.2 Gazepath method

The algorithm of Mould et al. (2012) is taken as basis for the gazepath
package. This algorithm is able to account for individual di�erences
by estimating a velocity threshold for every individual and every trial
in a data-driven manner, thereby providing a perfect starting point to
develop an algorithm that can be used for di�erent populations. The al-
gorithm also has some limitations, one of which concerns the estimation
of the duration threshold. Although the algorithm is capable of doing
this in a data-driven manner based on initial �xation durations, the du-
ration threshold is too unreliable. We estimated the duration thresholds,
leaving out one data point for every estimation. What we observed were
threshold di�erences up to 50 msec. These are very large di�erences,
that cannot be justi�ed with only a single data point di�erence. Another
limitation is the ability to deal with low robustness in the data. Conse-
quently, instances of missing data signal the end of a �xation, even if
data is only missing for a few milliseconds. In order to overcome these
limitations, we combined the Mould et al. (2012) algorithm with the
methods described by Wass et al. (2013) into the R-package gazepath.

2.2.1 Gazepath pre-processing

The gazepath method uses a six step procedure to preprocess the data
from raw samples into �xations and saccades. These six steps are de-
scribed below and visualized in Figure 2.2. First, raw data of the left and
right eye are combined when two eyes were tracked. This is done by
calculating the mean of the x- and y-coordinates. Missing data points
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Figure 2.2 – Example of all steps of the gazepath method. First, gaze coordinates
are combined when two eyes where tracked. Second, the speed threshold is
derived using the (Mould et al., 2012) algorithm. Data sequences that fall below
the threshold, are marked as initial �xations (see panel 3). Panel 3 also clearly
shows the bad performance of initial parsing, as can be seen from the many short
�xations that occur as a result of data quality. The fourth step is to interpolate
sequences of missing data. Panel 4 shows this improves the classi�cation a lot,
but there are still instances (blue circle), where �xations should be combined.
This is done in the �fth step, by combining successive �xations that overlap in
space. The sixth and �nal step involves the selection of �xations that pass the
duration threshold, which is often set to 100 msec.
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2.2. Gazepath method

2from one eye are interpolated with data points of the other eye when
possible. This is done to maximize the available data.

Second, the velocity threshold is estimated using exactly the same
method as the Mould et al. (2012) algorithm to account for individual
and trial by trial di�erences in precision. The velocity of the eye is cal-
culated as the Euclidean distance between preceding and succeeding
points divided by the time elapsed between them. Then, sampling points
with velocities higher than the preceding and succeeding sampling point
are classi�ed as local maxima. The second panel of Figure 2.2 shows
the distribution of local speed maxima exceeding the threshold (gray
histogram), compared to a uniform null distribution (Tibshirani, Walther,
& Hastie, 2001) of local maxima exceeding the threshold (dotted line).
The di�erence between these two distributions is given by the gap statis-
tic (red line). This gap statistic is smoothed with a locally weighted
quadratic regression (loess, Cleveland, 1979; Fan & Gijbels, 2018) with
increasing bandwidths until the gap statistic reaches one maximum.
This maximum is the velocity threshold.

Third, to account for low robustness, missing data sequences shorter
than a given threshold (default = 250msec.) are interpolated. The default
value is choosing so it is unlikely a saccade took place, as saccades take
approximately 200 msec. to program (Nyström &Holmqvist, 2010). This
is only done when the velocity di�erence between the last measured
sample before the missing data and the �rst measured sample after the
missing data, does not exceed the velocity threshold. This is done to
make sure no saccade took place during the loss of signal.

Fourth, data sequences of the interpolated data that are below the
velocity threshold are marked as possible �xations and data sequences
above the velocity threshold are marked as possible saccades. At this
moment it is still possible that there are �xations that are too short,
because the velocity threshold was crossed without an actual saccade
taking place.

Fifth, to correct these instances, a check is made for successive �xa-
tions overlapping in space. This is done by drawing a polygon around the
�xations, and when two successive �xations have overlapping polygons,
the �xations are merged into one �xation.

The sixth and �nal step is to remove short �xations. This is done by
setting the duration threshold, the default value for which is 100 msec.
Although the Mould et al. (2012) algorithm o�ers a possibility to do this
in a data-driven manner, this requires a lot of data. In practice, especially
in infant studies, there are rarely enough data to reliably estimate the
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2. Gazepath

2 duration threshold. For the �nal classi�cation, the e�ect of the duration
threshold is also limited, since relatively few �xations fall in the interval
of 50-150msec. Given these considerationswe decided to set the duration
threshold manually.

2.2.2 Using gazepath

This section describes the procedure to use gazepath. Gazepath is imple-
mented in R (R Core Team, 2017) and therefore requires the installation
of R before gazepath can be used. In R, gazepath can be installed by
running the commands:

install.packages('gazepath', dependencies = TRUE)
library('gazepath')

Gazepath can be used from the R command line, but there is also
a Shiny (RStudio, Inc, 2017) application that provides gazepath with a
GUI, which can be opened in a web browser with the command:

GUI()

Here we use the Shiny app to illustrate the use of gazepath. First,
the data are loaded; second, parsing takes place using the procedure de-
scribed above; third, the data can be visualized; and fourth, the �xations
can be downloaded (see Figure 2.3).

After opening the application, the data must be loaded. Typically,
eye-trackers generate text �les with the raw data for every individual,
and gazepath uses these �les as input. As these text �les can be formatted
di�erently, there are several options to make sure the data are loaded
correctly, such as di�erent missing data strings and separation operators.
On the right side of the screen the top and bottom rows of the data
�le appear and it is easy to check if the data are loaded correctly, i.e. if
every point has its own cell in the data-frame. It is possible to load
data of multiple participants, so the whole analysis can be conducted
at once. However, loading multiple data sets, requires all data sets to
be formatted exactly the same way, i.e. having the same variable names,
separation operators, etc.

Once the data are loaded, the next step is to provide gazepath with
the information needed to run the analyses. From the uploaded data,
gazepath needs at least the variable names of the x- and y-coordinates,
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2
1. Load data 2. Analyze data 

3. Visualize data 

4. Download data 

Figure 2.3 – Illustration of the four step procedure to parse �xations and saccades
via the gazepath Shiny app.
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2 distance to the screen and trial index. When two eyes are tracked, as is
commonwithmany trackers, the x- and y-coordinates and the distance to
the screen of the other eye can also be speci�ed. Furthermore, gazepath
needs information about the screen dimensions in pixels and the stimulus
dimensions in both pixels and mm (when stimuli presentation is not full
screen, it is assumed stimuli are presented in the middle). Finally it is
mandatory to specify the sampling rate and choose a parsing method.
The best available methods are the gazepath and Mould methods, as
described above. It is also possible to select theMouldDurmethodwhich
uses a �xed duration threshold (default = 100 msec.), the dispersion
method which is an implementation of the Tobii algorithm described in
the Clearview 2.7 manual (Tobii Eye Tracker User Manual, 2006) and the
velocity method, which �xes the velocity threshold at 35 deg/s and the
duration threshold at 100msec. It is not recommended to use the last two
methods. These methods are only implemented to ease comparison with
simple parsing methods. Apart from the mandatory input, gazepath can
keep other variables from the raw data, such as condition, age, stimuli,
etc. These extra variables can only have a single value per trial, i.e. if
di�erent stimuli appear during one trial, the stimuli variable cannot be
kept.

When all input parameters are set, the go button can be clicked to
start the analysis. When there are multiple data sets loaded, this can
take some time, and in the top right corner progress is displayed. It
takes approximately 3 seconds to parse 1 minute of 500 Hz data1. After
running the analyses, gazepath displays the top of the output �le next
to the input parameters. Now the data can be visualized. Fixations per
participant per trial are displayed under visualize parsing, as seen in the
middle of Figure 2.3. The left screen plots the raw x- and y-coordinate
overlaid with the order and position of �xations indicated by letters, the
top right screen displays the raw x- and y-coordinates as the function of
time and shows the �xations in green. The bottom right screen shows the
speed in deg/s as a function of time with the velocity threshold in red.
By clicking visualize threshold the velocity thresholds obtained for each
individual on every trial are displayed. As estimation of the velocity
threshold requires at least some data, some trials cannot be selected to
inspect. This implies there were not enough data to estimate a threshold
in that trial. Finally the �xations can also be visualized on the stimuli.
Under the visualize stimuli tab it is possible to upload the stimuli and

1laptop: SONY VAIO VPCEH3N1E, Intel Core i5-2450M Processor, 2.50 GHz, 4GB
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2.2. Gazepath method

2plot �xations per participant per trial to inspect individual scanning
patterns.

The �nal data can be downloaded as a .csv �le which can be used
to further analyze the data. The data can be obtained in four forms, (1)
all parsed �xations and saccades, (2) �xations only, (3) only complete
�xations and saccades, i.e. �xations that have in- and outgoing saccades
and saccades that are between two �xations, and (4) only complete
�xations. The last two options can be selected to make sure all �xations
and saccades are ‘true’ �xations and saccades; however, in noisy data
this could result in much fewer data points. The �xations only option
can be useful as most researchers are only interested in �xations. To
close gazepath, simply close the browser and press esc in R to close the
R process. The columns of the output data frame are ordered as follows:

Participant the participant by the name of the data �le.
Value whether a �xation (f) or saccade (s) is clas-

si�ed.
Duration the duration of the �xation or saccade in

milliseconds.
Start and End the start and end time inmilliseconds of the

�xations and saccades from the start of that
trial.

mean_x and mean_y the mean x- and y-coordinates in pixels of
�xations and saccades (note that this mea-
sure is only meaningful for �xations).

sdPOGsacAMP the standard deviation in point of gaze (for
�xations) and the saccade amplitude in de-
grees of visual angle (for saccades).

RMS the root mean square (RMS) within each
�xation.

Order the order of �xations and saccades within
trials

Trial the trial index.
* When additional variables are kept from the

original data, these variables appear after
the last variable.
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Figure 2.4 – Distribution of �xation durations classi�ed with the gazepath and
Eyelink methods for free-viewing data of infants and adults. The distributions
are plotted over the 100-1000 msec. interval, whereas there are also some longer
�xations classi�ed.
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2.3. Free-viewing data example

22.3 Free-viewing data example

The performance of the gazepath method is examined in a free-viewing
data set of infants and adults. This is an existing data set that is published
elsewhere (van Renswoude et al., 2016).

2.3.1 Participants

Infant participants were recruited from the Los Angeles County birth
records. Adult Participants were recruited through the University of
California, Los Angeles subject pool and were given course credit for
participating. Sixty-two infants (Ma ge = 9 months, range = 3 - 15) and
47 adults saw 28 real-world scenes for 4s each on a 17-inch computer
monitor, which subtended an approximate 27◦ x 34◦ visual angle. Eye
movements were recorded with an EyeLink eye-tracker (SR Research
Ltd., Ontario, Canada) that sampled at 500 Hz. Prior to data collection,
a �ve-point calibration scheme was used to calibrate each participant’s
point of gaze. The calibration procedure was repeated if necessary until
the recorded point of gaze was within 1◦ of the center of the target.

2.3.2 Descriptives

Fixations were detected by the gazepath method of the gazepath R-
package and using the default settings of the Eyelink. Fixation durations
typically show a right skewed distribution, therefore the median �xa-
tion duration provides a more reliable measure than the mean (Helo,
Pannasch, Sirri, & Rämä, 2014; Velichkovsky, Dornhoefer, Pannasch, &
Unema, 2000). Figure 2.4 shows the distributions of the infant and adult
free-viewing data parsed with the standard Eyelink and gazepath meth-
ods. Although the distributions look similar, there are some di�erences.
The most striking di�erence is that �xations parsed by the standard Eye-
link method are longer than the �xations parsed by gazepath. Another
di�erence is the number of �xations. In adults the gazepath method
results in approximately 10% more �xations than the Eyelink method,
whereas in infants the di�erence is only 1% and in the opposite direction.

In order to get a better understanding of these di�erences and to
test the signi�cance of these observations, the mean number of �xations
and the median �xation durations were calculated for each participant.
Figure 2.5 shows the box plots of thesemeans andmedians for the infants
and adults parsed by the gazepath and Eyelink methods. A factorial
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Figure 2.5 – Box plots of number of �xations (left panel) and median �xation
durations (right panel) per participant, classi�ed with the gazepath and eyelink
method for free-viewing data of infants and adults.

mixed ANOVA revealed an interaction e�ect between group (infant or
adult) and method (gazepath or Eyelink) on the mean number of �xa-
tions, F(1, 107) = 29.23, p < .001. For infants there was no di�erence in
the mean number of �xations classi�ed by the Eyelink and gazepath
method, whereas for adults the gazepath method classi�ed more �xa-
tions than the Eyelink method. The median �xation duration di�ered
between methods, F(1, 107) = 108.75, p < .001. Fixations parsed using the
gazepath method were shorter than �xations parsed with the Eyelink
method. This di�erence was similar for infants and adults as there was
no interaction e�ect between group and method for the median �xation
durations, F(1, 107) = 0.73, p = 0.396.

2.3.3 Performance in adult data

For adults these �ndings make sense, when �xations are shorter, more
�xations can be made in the same time frame. This would imply that
some �xations that are classi�ed using the Eyelink method are split
into two or more �xations using the gazepath method. This is likely, as
gazepath sets the velocity threshold for every individual and every trial
separately and lower thresholds would result in more �xations. To see
if this is indeed what happened, we checked, for every �xation, for the
possibility that the other method split that �xation.
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Figure 2.6 – Example of gazepath and Eyelink classi�cation of �xation. S
denotes instances where a small saccade took place that is missed by Eyelink,
but picked up by gazepath.
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2 Figure 2.6 provides a real data example wherein the letter S denotes
saccades that led to splits. Here the gazepath �xations are identi�ed as
not being split, because every �xation also has one �xation classi�ed
by the Eyelink method. The �rst two Eyelink �xations are identi�ed as
being split, because the gazepath method identi�ed two �xations during
the time frame of these �xations. Of the 10764 gazepath �xations only 9
were split and only 1 �xation was not classi�ed in the Eyelink method.
Of the 10867 Eyelink �xations 1417 were split into 1738 extra �xations
and 332 were not classi�ed in the gazepath method. This explains the
di�erences in the number of �xations between the two methods.

Answering the question of what method provides the best classi�-
cation method is di�cult, because it is impossible to establish a clear
ground truth from the eye-tracking signal alone. Often classi�cation by
human experts is taken as the best available benchmark (e.g., Andersson
et al., 2017). In order to get some insight into this question we examined
all trials in which there were one or more splits. Figure 2.6 shows two of
these trials that are typical for what we observed. It can be seen that the
gazepath method is more sensitive to small saccades (highlighted with
S), which leads to more and shorter �xations being classi�ed. Inspection
of these trials also showed that most of the time the splits made in the
gazepath method are easily observable by looking at the data, as is the
case in these examples. However, we also observed trials where the splits
were less prominent.

2.3.4 Performance on infant data

For infants, the relationship between the number of �xations and the
�xation duration is less clear than in adults. Infants also showed shorter
median �xation durations when gazepath was used to parse the data
compared to Eyelink, but the two methods produced a similar number
of �xations. However, Figure 2.5 also shows that there is more variance
in the number of �xations classi�ed using the gazepath method than the
Eyelink method. This implies that for some infants gazepath classi�ed
fewer �xations than Eyelink, but for others more. This is in line with the
�ndings of the split �xations. Of the 15368 gazepath �xations 100 were
split and 27 �xations were not classi�ed in the Eyelink method. Of the
13972 Eyelink �xations 842 were split into 1005 extra �xations and 1017
were not classi�ed in the gazepath method.

Ideally the �xations that are split are the �xations in higher quality
data, whereas the �xations that are not classi�ed with the gazepath
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Figure 2.7 – Example of data quality measures robustness and precision and
their correlations with median �xation durations classi�ed using the Eyelink
(EL) and gazepath (GP) method. Fixation durations classi�ed by gazepath have
no correlation with data quality, whereas these correlations are present with the
Eyelink classi�cation. In red the correlations without the outlier are shown. The
outlier is marked black which is the same data point in all plots.

method are mostly found in low quality data. In order to see if this is
indeed the case, data quality were quanti�ed in terms of robustness and
precision. Robustness was calculated as the mean length of raw data
segments per trial. Infants who stay focused, have long data segments,
providing a robust measure, whereas infants who look away and move
a lot have many more missing data points and therefore short data seg-
ments, providing a less robust measure. To obtain the precision measure,
the signal was smoothed by calculating mean x- and y-coordinates over
100 msec. time windows. Precision of a trial is the mean of the mean
di�erence between the smoothed and raw data in each time window.
Low values indicate high precision and vice versa.

Correlations between data quality and �xation durations can give
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2. Gazepath

2 an indication of parsing performance. These correlations are often ob-
served in infant data [Wass et al. (2013); wass2014] and are considered
problematic. As described in the introduction, these correlations can
occur because poor data quality can lead to spurious short �xations. The
top left panel of Figure 2.7 shows the correlation (r = -.52, r = -.31 without
the outlier) between precision and median �xation durations classi�ed
with Eyelink. The top right panel shows the correlation (r = .36, r = .31
without the outlier) between robustness and median �xation duration
of the Eyelink classi�cation. These correlations are signi�cant and in the
expected direction. Poor data quality is associated with shorter �xation
durationswhen the standard Eyelink is used. The bottom left and bottom
right panel show that the �xations classi�ed with the gazepath method
have correlations that are non-signi�cant and are closer to zero. To test if
these dependent correlations do indeed di�er, we used a Williams Test
(Steiger, 1980) as implemented in R-package psych (Revelle, 2018). The
Williams Test showed that the correlations between median �xation du-
ration and precision for the gazepath and Eyelink classi�cation di�ered
signi�cantly with the outlier (t(59) = 6.52, p < .001) and without the out-
lier (t(58) = 5.84, p < .001). For robustness similar results were obtained;
the correlations between median �xation duration and robustness for
the gazepath and Eyelink classi�cation di�ered signi�cantly with the
outlier(t(59) = -3.96, p < .001) and without the outlier (t(58) = -3.82, p <
.001). These results imply that the individual threshold estimation and
post-hoc checks that are implemented in the gazepath method work
well.

To illustrate the performance of gazepath, Figure 2.8 shows two trials
that are typical for what we observed in the trials with split �xations. The
top panel shows instances of interpolated short missing data sequences
when the X and Y position did not change (highlighted with M). The
bottom panel shows a trial with very noisy data, and it can be seen that
Eyelink identi�ed multiple short �xations, whereas gazepath combined
these into one larger �xation (highlighted with N). Although the bottom
panel illustrates the working of gazepath, the data are extremely noisy
and should probably be excluded from further data analyses.

2.3.5 Conclusion free-viewing data

In this section we showed that gazepath performs well for both infant
and adult data. In high quality adult data, gazepath lowers its thresholds
and is able to pick up more �xations than the standard Eyelink method.

42



2.3. Free-viewing data example

2

0 1000 2000 3000 4000

Time (msec.)

800

400

0
0

400

800

1200

S
pe

ed
 (

D
eg

/s
)

P
os

iti
on

 (
pi

xe
ls

)

M M M

X−coordinates Y−coordinates Gazepath Fixations Eyelink Fixations Speed

0 1000 2000 3000 4000

Time (msec.)

800

400

0
0

400

800

1200

S
pe

ed
 (

D
eg

/s
)

P
os

iti
on

 (
pi

xe
ls

)

N

X−coordinates Y−coordinates Gazepath Fixations Eyelink Fixations Speed

Figure 2.8 – Example of gazepath and Eyelink classi�cation for infant data. The
top panel shows instances where data are interpolated (M). The bottom panel
shows extremely noisy data where gazepath combines multiple Eyelink �xations
into one �xation (N).
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2 In infant data, gazepath does the same when the infant data are of good
quality, but it can also combine �xations, when low data-quality or signal
loss results in spuriously short �xations. Despite the good performance
of gazepath, there is reason to be cautious. That is, the data sets analyzed
here are the same data sets that were used to develop gazepath. It is
therefore important to also examine the performance on new data sets.
We selected an adult reading data set and a experimental infant data set
to further examine the performance of gazepath.

2.4 Adult reading data

To test the performance of gazepath on a data set with very di�erent
characteristics, we selected a data set of an adult reading study. A part of
this data is published in experiment 2 of Koornneef, Dotlacil, Broek, &
Sanders (2016). Reading is a highly automatic process, with predictable
�xation and saccade patterns, which may make it easier to set a �xed
velocity threshold. In line with what we observed in the free-viewing
data, we expected gazepath to classify more and shorter �xations than
the standard Eyelink method, as the individual threshold estimation
allows gazepath to be more sensitive to detect short �xations.

2.4.1 Participants

Sixty-�ve adults (Ma ge = 25.0 years, range = 18 - 68) participated in a
reading study at Utrecht University and were paid for participating.
They read 88 short texts that were 4-5 lines long. Their eye movements
were measured with a Eyelink (SR Research Ltd., Ontario, Canada) eye-
tracker that sampled at 500 Hz.

2.4.2 Results

Figure 2.9 shows the distributions of the adult reading data parsed with
the standard Eyelink and gazepath methods in the upper panels. The
lower panels show box plots of themean number of �xations andmedian
�xation durations per participant. As expected, paired samples t-tests
showed that the gazepathmethod classi�edmore (t(64) = -96.58, p < .001)
and shorter (t(64) = 14.37, p < .001) �xations than the Eyelink method.

These results imply that some �xations that are classi�ed using the
Eyelink method are split into two or more �xations using the gazepath
method, as was the case in the free-viewing data. To check if this is
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Figure 2.9 – The top panels show the distribution of �xation durations classi�ed
with the eyelink (EL) and gazepath (GP) method for reading data of adults. The
distributions are plotted over the 100-1000 msec. interval, whereas there are
also some longer �xations classi�ed. The bottom panels show box plots of mean
number of �xations per participant (left) and median �xation duration (right).
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Figure 2.10 – Di�erences (Eyelink - gazepath) between the start and end times
of the same �xations, classi�ed with Eyelink and gazepath. Both histograms are
zoomed in to highlight di�erences around zero and show 99% of the data.

indeed what happened, we again veri�ed for every �xation if the other
method split that �xation.

Of the 188372 gazepath �xations only 63 were split and only 41
�xationswere not classi�ed in the Eyelinkmethod. Of the 182094 Eyelink
�xations 8926 were split into 9518 extra �xations and 3215 were not
classi�ed in the gazepathmethod. The shorter median �xation durations
of the gazepath method compared to the Eyelink method can partly be
explained by these splits. That is, gazepath classi�es more �xations,
leading to shorter �xation durations on average. However, less than 5%
of the Eyelink �xations were split and therefore these splits cannot fully
account for the di�erence. This means there may be another di�erence
between the two methods that also accounts for the di�erence in median
�xation durations. For instance, there may be a di�erence in onset and
o�set times of �xations between the gazepath and Eyelink method.

To test for these di�erences, we selected trials (14%, N = 29499) that
had no splits for both methods and had the exact same number of �x-
ations. In these trials all classi�ed �xations are very similar and the
only di�erence can occur in onset and o�set times. In this subset of the
data, we also found that gazepath had shorter median �xation durations
(182) than Eyelink (194). This di�erence is primarily driven by later
onset times of the �xations classi�ed with gazepath compared to Eye-
link. Figure 2.10 shows the distribution of the di�erences between the
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2start (left panel) and end times (right panel) of �xations classi�ed using
the Eyelink and gazepath method. The Eyelink �xations start earlier,
whereas the end times are very similar.

2.4.3 Gazepath performance

To get a better understanding of the overall performance of gazepath, we
again inspected the trials that had split �xations. We observed similar
patterns as in the free-viewing data of adults; gazepath is more sensitive
than Eyelink to small saccades. For eye-tracking data related to reading
this can be a very useful property, because saccades opposite to the
reading direction are often studied. These saccades are called regressive
saccades (Bicknell & Levy, 2011) and can have di�erent interpretations.
For instance, readers may miss the optimal viewing position of a word
and correct with a regressive saccade (Rayner, Schotter, Masson, Potter,
& Treiman, 2016). Regressions can also indicate di�culty to process a
word (Vitu, McConkie, & Zola, 1998), or indicate failure to integrate a
word within the context of a sentence (Frazier & Rayner, 1982). Figure
2.11 shows three of these instances (highlighted with R) where Eyelink
missed a small regressive saccade that was picked up by gazepath.

2.4.4 Conclusion reading data

Eyelink and gazepath produce very similar results when parsing adult
reading data. The main di�erence lies in gazepath’s ability to pick up
small saccades, something that can be very useful in reading studies.
Another di�erence is that the �xations classi�ed with gazepath are a bit
shorter than �xations classi�edwith Eyelink. This is caused by later onset
times of gazepath �xations, although it is di�cult to draw conclusions
about onemethod being better than the other, as it is impossible to decide
which is the ‘correct’ classi�cation based on the eye-tracking signal alone.
Overall, gazepath and Eyelinkworkwell and produce similar results. An
advantage of gazepath over Eyelink is when researchers are interested
in small regressive saccades.

2.5 Infant experimental data

To test the performance of gazepath on data of a di�erent eye-tracker
with a lower sample rate (60 Hz) and dynamic instead of static stimuli,
we selected a data set of an infant experimental study using a Tobii
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Figure 2.11 – Two examples of gazepath and Eyelink classi�cation for adult
reading data. The reading pattern is clearly visible as the eye is stable on the
y-axis and moves progressively higher (to the right) over the x-axis until the
end of a sentence where a large saccade to the start of a new sentence is made.
Overall, classi�cation is very similar, although gazepath is more sensitive to
detect small saccades. This can be useful for reading data as saccades in the
opposite direction (R) of the reading direction (regressive saccades) are often
studied.

48



2.5. Infant experimental data

2eye-tracker. The combination of infants, a low sample rate and dynamic
stimuli makes it likely that data is noisy. In line with what we observed
in the infant free-viewing data, we expected gazepath to classify shorter
�xations than the standard Tobii method. Given the expected noise
in the data, we also expected gazepath to classify fewer �xations than
the standard Tobii method, since the individual threshold estimation
and post-hoc checks allow gazepath to be more conservative to classify
�xations in noisy data. For the same reason we also expected to see cor-
relations between data quality and median �xation durations classi�ed
with the Tobii method, but not with the gazepath method.

2.5.1 Participants & design

The Tobii data were provided by 127 infants (Ma ge = 11 months, range
= 10 - 12) who participated in a categorical learning study at Radboud
University Nijmegen. They saw dynamic stimuli2 of a red ball moving
to the left, or a blue ball moving to the right. The ball ended up in a cup
and a reward (a small �ickering chick making a whistling sound) was
shown. All infants saw 20 trials of 8 seconds each, on a 17-inch computer
monitor, which subtended an approximate 27◦ x 34◦ visual angle. Eye
movements were recorded with a Tobii eye-tracker (Tobii 1750, Tobii
Technology, Stockholm, Sweden) that sampled at 60 Hz. Prior to data
collection, a nine-point calibration scheme was used to calibrate each
participant’s point of gaze.

2.5.2 Results

Figure 2.12 shows the distributions of the infant experimental data
parsed with the standard Tobii and gazepath methods in the upper
panels. The lower panels show the box plots with the mean number of
�xations and median �xation durations per participant. Paired samples
t-tests showed that the gazepath method classi�ed fewer (t(126) = 13.41,
p < .001), but not shorter (t(126) = -0.93, p = 0.356) �xations than the Tobii
method. Of the 17700 gazepath �xations 902 were split into 1245 extra
�xations and 133 �xations were not classi�ed in the Tobii method. Of

2The use of dynamic stimuli may have introduced smooth pursuit eye movements,
rather than �xations and saccades only. To assess the magnitude of this possible con-
found, the Supplemental materials (Section 2.7) provide the same analysis described
here, without data points obtained during the dynamic part of the stimuli. In general,
the analyses show similar results and overall conclusions remain the same.
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Figure 2.12 – Distribution of �xation durations classi�ed with the gazepath
(GP) and Tobii (TB) method for experimental data of infants. The distributions
are plotted over the 100-1000 msec. interval, whereas there are also some longer
�xations classi�ed.
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Figure 2.13 – Example of data quality measures precision and robustness and
their correlations with median �xation durations classi�ed using the gazepath
(GP) method and Tobii (TB) method. Gazepath classi�es more �xations in higher
quality data and has lower correlations between data quality and median �xation
duration than the Tobii classi�cation.

the 26691 Tobii �xations 1406 were split into 1647 extra �xations and
9600 were not classi�ed in the gazepath method. The distribution of the
Tobii �xations (Fig. 2.12) is oddly shaped, with many very short �xations
compared to the distribution of gazepath �xations.

2.5.3 Gazepath performance

In the infant free-viewing data we observed correlations between data
quality and median �xation duration using the standard Eyelink clas-
si�cation method. These problematic correlations (Wass et al., 2014)
were also found with the standard Tobii classi�cation method. The up-
per panels of Figure 2.13 show that lower precision and robustness are
strongly correlated with �xation durations (r = -.44, p < .001 & r = .55,
p < .001, respectively). The lower panels of Figure 2.13 show that the
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2 correlation between median �xation duration and precision becomes
non-signi�cant (r = -.13, p = .143) and that the correlation between �xa-
tion duration and robustness becomes smaller (r = .24, p = .007) when
gazepath is used to detect �xations. AWilliams Test con�rmed that these
correlations between median �xation duration of the gazepath and Tobii
classi�cation di�ered signi�cantly for both precision (t(124) = 3.67, p <
.001) and robustness (t(124) = -3.91, p < .001). This is a strong indication
that the gazepath method is able to detect �xations with higher accuracy
than the standard Tobii method.

To verify that the correlations between data quality and �xation
durations disappeared because gazepath (1) combined �xations that
should not be split and (2) correctly did not classify the 9000 �xations that
were classi�ed by Tobii, we inspected the trials that had split �xations.
Figure 2.14 shows two trials that were typical for what we observed.
There were instances where gazepath classi�ed longer �xations, whereas
Tobii classi�ed multiple short �xations (A, B, C, & D). It is di�cult to
tell what classi�cation is better, given the noise in the data. Sometimes
gazepath seems too conservative; for instance B is likely two multiple
�xations, instead of the one gazepath classi�ed. The lower panel of
Figure 2.14 shows that gazepath does a much better job than Tobii in not
classifying �xations when there is a loss of signal (E) and extreme noise
in the data (F).

2.5.4 Conclusion infant experimental data

In this section we showed that gazepath also performs well in low sam-
pled (60 Hz), noisy infant data. The main bene�t of using the gazepath
method over the standard Tobii method lies in the fact that gazepath
classi�es far fewer �xations than Tobii. Tobii misclassi�ed around 9000
�xations, leading to spurious correlations between �xation durations and
data quality. Gazepath lowered these correlations, but could not fully
account for them, as was the case in the infant free-viewing data. Finally,
it seems that gazepath might still be too conservative in classifying �xa-
tions, as it remains unclear whether most long �xations classi�ed with
gazepath re�ect one real underlying �xations or are actually multiple
�xations.
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Figure 2.14 – Two examples of gazepath and Tobii classi�cation for infant data.
The upper panel shows instances where gazepath identi�es longer �xations,
whereas Tobii identi�es multiple short �xations (A, B, C & D). It is di�cult to
tell what method performed better, due to the large amount of noise. It seems
that A, C, and D could be a single �xation as classi�ed by gazepath, but they
could also be multiple �xations as classi�ed by Tobii. B is likely a double �xation
that is correctly identi�ed by Tobii, but not by gazepath. The lower panel shows
instances (E & F) where Tobii identi�ed �xations while there is a loss of signal
from one eye (E) and extreme noise (F), and here it is clear gazepath outperforms
Tobii by not classifying any �xations.
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2 2.6 General conclusion

The aim of this project was to develop an easy-to-use eye-tracking data
parsing tool that can be used to parse both low and high quality data into
�xations and saccades. With the infant free-viewing data we showed
how gazepath controlled for low quality data in infants by reducing
spurious correlations between �xation durations and data quality. The
adult free-viewing data showed that gazepath is more sensitive than
the standard Eyelink method in picking up small �xations. This �nding
was corroborated in the reading data set, for which we showed that
gazepath can identify small �xations that are left undetected by the Eye-
linkmethod. This can be useful, because small regressive saccades might
be of interest in linguistic studies. Finally, we showed that gazepath also
works well when parsing noisy infant data measured with a low sam-
ple rate eye-tracker and dynamic instead of static stimuli. Although
gazepath seems conservative in setting its threshold, leading to (possibly
too) long �xations, gazepath classi�ed �xations better than the standard
Tobii method. The largest bene�t of gazepath is leaving out �xations
that the Tobii method classi�ed during loss of signal and extreme noise.

The analyses show that gazepath provides a useful tool for parsing
both low and high quality eye-tracking data. However, it is important to
note that gazepath cannot turn low quality data into a sequence of �xa-
tions and saccades that can be interpreted perfectly. It is important that
researchers inspect the data and make sensible choices about whether
data can be interpreted, or data quality is too low. Gazepath’s GUI pro-
vides the user with an interface to inspect the data of all participants and
trials. This makes it easy to inspect the trials with abnormally high veloc-
ity thresholds or low robustness and precision. Moreover, by providing
these data quality measures directly, gazepath makes it also easier to
report such measures, something rarely seen in the literature (Hessels et
al., 2015).

The gazepath method presented in this paper combines the best of
several methods into one R-package. The data-driven non-parametric
Mould et al. (2012) algorithm is taken as a basis to account for individual
di�erences in data quality and looking behavior. Furthermore, modi�ed
versions of the algorithms developed by Wass et al. (2013) are used
to make gazepath capable of dealing with noise typical in infant data.
Finally, gazepath is implemented in R (R Core Team, 2017) which is open
source software. Since gazepath comes with a Shiny app to provide a
GUI, researchers can decide for themselves whether they like scripting
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2or clicking.

2.7 Supplemental materials

Apart from being collected with the Tobii and Eyelink trackers, the
infant data sets also di�ered in the type of stimuli that were used (static
vs dynamic stimuli). The use of a dynamic stimuli may explain the
poor performance of the Tobii classi�cation and may be a reason that
gazepath could not fully reduce correlations between �xation durations
and noise levels. Both Tobii and gazepath methods are not optimized for
dynamic stimuli. To quantify the e�ect of dynamic versus static stimuli,
we performed the same analysis as described above on a subset of the
data. This was possible because the stimuli were only partly dynamic.
The stimuli started static, after 1500 msec. a ball started moving, and at
4500 msec. the stimuli became static again.

2.7.1 Results

Figure 2.15 shows the distributions of the infant experimental data
parsed with the standard Tobii and gazepath methods in the upper
panels. The lower panels show the box plots with the mean number of
�xations and median �xation durations per participant. Paired samples
t-tests showed that the gazepath method classi�ed fewer (t(126) = 14.54,
p < .001), but not shorter (t(126) = -1.25, p = 0.212) �xations than the
Tobii method. Of the 10939 gazepath �xations 538 were split into 739
extra �xations and 84 �xations were not classi�ed in the Tobii method.
Of the 17188 Tobii �xations 790 were split into 909 extra �xations and
6591 were not classi�ed in the gazepath method. The distribution of the
Tobii �xations (Fig. 2.12) is oddly shaped, with many very short �xations
compared to the distribution of gazepath �xations.

These problematic correlations (Wass et al., 2014) were also found
with the standard Tobii classi�cationmethod. The upper panels of Figure
2.16 show that lower precision and robustness are strongly correlated
with �xation durations (r = -.44, p < .001 & r = .55, p < .001, respectively).
The lower panels of Figure 2.16 show that the correlation betweenmedian
�xation duration and precision becomes non-signi�cant (r = -.13, p =
.143) and that the correlation between �xation duration and robustness
becomes smaller (r = .24, p = .007) when gazepath is used to detect
�xations. A Williams Test con�rmed that these correlations between
median �xation duration of the gazepath and Tobii classi�cation di�ered
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Figure 2.15 – Distribution of �xation durations classi�ed with the gazepath
(GP) and Tobii (TB) method for experimental data of infants. The distributions
are plotted over the 100-1000 msec. interval, whereas there are also some longer
�xations classi�ed.
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Figure 2.16 – Example of data quality measures precision and robustness and
their correlations with median �xation durations classi�ed using the gazepath
(GP) method and Tobii (TB) method. Gazepath classi�es more �xations in higher
quality data and has lower correlations between data quality and median �xation
duration than the Tobii classi�cation.

signi�cantly for both precision (t(124) = 2.87, p < .001) and robustness
(t(124) = -4.53, p < .001).

2.7.2 Conclusion

When only the �xations classi�ed during the static periods are used to
compare the gazepath and Tobii methods, the overall results are very
similar to the results of the complete data. Although, in addition to
the correlation between precision and �xation duration, the correlation
between robustness and �xation duration also becomes non-signi�cant
when the gazepath method is used. For the Tobii method, on the other
hand the correlations between noise levels and �xation duration remain
the same.

57





Chapter 3
Horizontal bias

ABSTRACT
A robust set of studies show that adults make more horizontal than vertical
and oblique saccades, while scanning real-world scenes. In this paper we study
the horizontal bias in infants. The directions of eye movements were calculated
for 41 infants (M = 8.40 months, SD = 3.74, range = 3.48 to 15.47) and 47 adults
(M = 21.74 years, SD = 4.54, range = 17.89 to 39.84) while viewing 28 real-world
scenes. Saccade directions were binned to study the proportion of saccades in
the horizontal, vertical and oblique directions. In addition, saccade directions
were also modeled using a mixture of Von Mises distributions, to account for
the relatively large amount of variance in infants data. Horizontal bias was
replicated in adults and also found in infants, using both the binning and Von
Mises approach. Moreover, a developmental pattern was observed in which
older infants are more precise in targeting their saccades than younger infants.
That infants have a horizontal bias is important in understanding infants’ eye
movements. Future studies should account for the horizontal bias in their
designs and analyses.

This chapter is published as:

van Renswoude, D. R., Johnson, S. P., Raijmakers, M. E. J., & Visser, I. (2018). Do
infants have the horizontal bias? Infant Behavior and Development, 44, 38–48. https:
//doi.org/10.1016/j.infbeh.2016.05.005
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3.1 Introduction

Eyemovements are frequently used to study infant cognition (Wass et al.,
2014) in both experimental and free-viewing paradigms. Traditionally,
looking timemeasures have been extremely important in studying infant
cognitive development (Aslin, 2007) and new eye tracking techniques can
further enhance our knowledge in this area (Aslin, 2012). Understanding
infant cognitive development starts with knowing what information is
available for infants to process. Especially in free-viewing paradigms,
infant eye movements re�ect natural exploration behavior and provide
a relative unbiased measure of attention. Understanding what guides
infant eye movements is therefore of key importance to study infant
cognitive development.

Adult eye movements are series of short �xations and rapid saccades.
Approximately three �xations and saccades are made every second
(Rayner, 2009). Saccades are targeted at salient regions (Itti & Koch, 2000;
Itti et al., 1998) in�uencing eye movements in a bottom-up way, but top-
down processes (e.g. knowledge) also in�uence where we �xate (Hen-
derson, 2003). Apart from these bottom-up and top-down in�uences,
general biases also play an important role in guiding eye movements
(Tatler & Vincent, 2008, 2009). Most early �xations fall in the center of the
scene (Clarke & Tatler, 2014) and saccades are predominantly targeted
in the horizontal direction (Foulsham et al., 2008; Gilchrist & Harvey,
2006; Tatler & Vincent, 2008). In this paper we examine the possibility of
a horizontal bias in infants.

At birth, eye movements are less e�cient than in adults, because
the �rst few weeks of postnatal life infants have relatively little control
over their eye movements (Atkinson, 1992). However, the visual system
develops rapidly and 1- to 2-month-old infants start to �xate visual
stimuli (Bronson, 1994; Hunnius & Geuze, 2004). These �xations are
often long (> 500ms), as infants may have trouble shifting their gaze. At
3- to 4-months of age �xations become shorter (< 500ms, Bronson, 1994)
and control over eye movements is more stabilized (Hunnius & Geuze,
2004). The �xation systems continues to develop until adolescence (Luna,
Velanova, & Geier, 2008) and �xation durations are known to decrease
until at least 10 years of age (Helo et al., 2014).

Also for infants there is evidence of top-down and bottom-up pro-
cesses guiding eye movements. Three-month-old infants have a prefer-
ence for looking at own-group faces versus other-group faces, whereas
this preference is not present at birth (Kelly et al., 2005) and 3- to 4-month-
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old infants have a preference for faces of the gender of their primary
caregiver (Quinn, Yahr, Kuhn, Slater, & Pascalis, 2002). These �ndings
indicate that top-down processes in�uence eye movements. There is
also evidence of bottom-up processes guiding infants’ eye movements:
while watching a Charlie Brown video clip, 3-month-old infants’ �xa-
tions were best predicted using saliency, whereas 6- and 9-month-old
infants’ �xations were best predicted by the location of faces in the video
(Frank et al., 2009). The in�uence of bottom-up factors on eyemovements
continues to decrease until adolescence (Açık, Sarwary, Schultze-Kraft,
Onat, & König, 2010; Helo et al., 2014).

Although the development of top-down and bottom-up visual pro-
cesses in infancy has been investigated in some detail, the early devel-
opment of many general biases remains largely unexamined. Tatler &
Vincent (2009) showed that models accounting for general biases gave
a better description of where adult �xations are located than models
based on top-down and bottom-up processes alone. As these general
biases play an important role in guiding adult eye movements (Tatler &
Vincent, 2008), it is likely infant eye movements are also guided by these
general biases.

To our knowledge, the horizontal bias has yet to be examined in in-
fants. Studying the horizontal bias in infants is important to gain a better
understanding of what guides infant eye movements. If the horizontal
bias is present in infants, future studies can improve models to explain
infant looking behavior and can account for the bias in experimental
studies. For example, before concluding infants have a preference for
some stimuli or object in a scene, it must be ruled out that this preference
is due to general biases.

3.1.1 Horizontal bias in adults

In the adult literature there is overwhelming evidence of the horizon-
tal bias (e.g., Foulsham et al., 2008; Gilchrist & Harvey, 2006; Tatler &
Vincent, 2008). Although the origin of the bias remains unclear, there
are some factors that may contribute to it. First, bio-mechanical factors
may partially drive the bias. Horizontal saccades require only the use
of one pair of muscles (the lateral and medial rectus), whereas saccades
in the other directions requires more than one pair of muscles (Viviani,
Berthoz, & Tracey, 1977). For instance, oblique saccades require coordi-
nated horizontal and vertical muscle activity (Becker & Jürgens, 1990)
and even vertical saccades require extraocular muscle activity (Henn &

61



3. Horizontal bias

3

Cohen, 1973). Second, physiological factor may guide the bias. The spa-
tial density of rods and cones in the retina is higher along the horizontal
direction than the vertical direction (Curcio, Sloan, Kalina, & Hendrick-
son, 1990). Najemnik &Geisler (2008) found that an ideal observermodel
based on this asymmetry produced a distribution of saccade directions
with a horizontal bias. Third and lastly, the distribution of objects in the
environment may contribute to the bias. We may learn that interesting
objects are often located along the horizon. In order to maximize our
information uptake in the shortest time frame, therefore, we start to
move our eyes along the horizon.

3.1.2 Current study

The horizontal bias is a well established phenomenon in adults and is
an important factor in the guidance of eye movements. The research
question of this paper is: ‘Do infants exhibit the horizontal bias in saccade
direction, while scanning real-world scenes?’ Furthermore, the bias may
be di�erent for older than younger infants. To answer the question if the
bias changes with age, we observed a wide age range (3- to 15-month-
olds). This enabled us to test if the horizontal bias develops with age.
Answering these questions will help us to understandwhat guides infant
eye movements and thus enable us to learn more about infant cognitive
development.

3.1.3 Analytical approach

The direction of eye movements is usually analyzed by a binning ap-
proach (e.g., Foulsham et al., 2008; Foulsham & Kingstone, 2010), in
which saccade directions are binned in pre-de�ned categories (i.e. hor-
izontal, vertical, oblique). However, this may introduce a confound in
this study as the pre-de�ned ranges of the binning approach may not
be applicable to infants. Infant eye movements are likely to be noisy
compared to adult eye movements. Therefore, saccade directions may
not be appropriately captured in the binning approach (i.e. bins may
be too small). We overcome this problem by also using the continuous
Von Mises distribution (cf. Rolfs, Knapen, & Cavanagh, 2010) to analyze
saccade directions. Since saccade directions have a circular distribution,
the Von Mises distribution, that can be thought of as the normal distri-
bution on a circle, provides an excellent continuous alternative to the
binning approach. The Von Mises approach allows saccade directions
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to be classi�ed in a data-driven manner, accounting for the amount of
variance in the data. Furthermore, common problems of binning ap-
proaches such as loss of information (MacCallum, Zhang, Preacher, &
Rucker, 2002) and decreasing power (Cohen, 1983), are also overcome
by the continuous Von Mises approach.

3.2 Method

3.2.1 Participants

Initially, 46 infants participated, but 5 infants were excluded due to inat-
tention or inability to calibrate the point of gaze. After excluding these
participants, 41 infants (Mean age = 8.53 months, SD = 3.71, range = 3.48
- 15.47) and 47 adults (Mean age = 21.74 years, SD = 4.54, range = 17.89 -
39.84)were included in the �nal analyses. Infantswere distributed evenly
over the age range. The gender ratio in infants (14 males, 27 females)
was independent of the gender ratio in adults (19 males, 28 females),
χ2 (1) = .15, p = .699. Research was conducted in accordance with the
Declaration of Helsinki, all adult participants and infant caretakers gave
their informed consent.

3.2.2 Stimuli, design & procedure

Twenty-eight real-world scene stimuli were used, see Figure 3.1 for �ve
examples. Except for one image which was 576 pixels width, all images
were 1024 pixels width. The heights of the images di�ered between
606 and 896 pixels. Eye movements were recorded with an EyeLink eye
tracker (SR Research Ltd., Ontario, Canada) that sampled at 500 Hz.
Infant participants were seated on a parent’s lap approximately 55 cm
from a 17-inch computer monitor, which subtended an approximate
27◦ x 34◦ visual angle. Parents were asked not to talk or direct their
child’s attention during stimuli presentation. Adult participants were
seated at the same distance from the monitor. Lights were dimmed and
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Figure 3.2 – Illustration of the procedure to derive the speed threshold (left
panel) and the duration threshold (right panel).

black curtains were drawn such that only the stimuli presented on the
computer monitor could be seen. Prior to data collection, a �ve-point
calibration scheme was used to calibrate each participant’s point of gaze.
The calibration procedure was repeated if necessary until the recorded
point of gaze was within 1◦ of the center of the target. The experimental
session only began after the calibration criterion had been reached. The
28 picture stimuli were shown one at a time for 4 s each. A dynamic
‘attention-getter’ stimulus preceded each trial to attract attention and
center the gaze.

3.2.3 Gaze analysis

Infant and adults di�er in their mean �xation durations and saccade
speeds (Hainline, Turkel, Abramov, Lemerise, & Harris, 1984). It may be
advisable, therefore, to employ di�erent thresholds to classify �xations
and saccades in infants and adults. However, this can make comparing
infant and adult eye movement data di�cult, because di�erences can
emerge simply due to the di�erent pre-processing methods. In order to
avoid these problems we used a slightly modi�ed version of the data-
driven algorithm described by Mould et al. (2012), as implemented in
the R-package gazepath (van Renswoude & Visser, 2016). This algorithm
makes it possible to derive the optimal speed and duration threshold
data-driven and per individual, applying one method to all participants,
while accounting for individual di�erences.
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The algorithm of Mould et al. (2012) exploits the fact that the speed
of eye movements is low during �xations and high during saccades.
First, local maxima in speed of eye movements are found by selecting
the eye movements that are faster than the previous and following eye
movements. There are many local speed maxima in �xations, but few
local speed maxima in saccades. Second, these local maxima are used to
separate saccadic and non-saccadic movements. This is done by com-
paring the distribution of local speed maxima exceeding the threshold
(gray histogram, Figure 3.2), with a uniform distribution of local maxima
exceeding the threshold (dotted line), see the left panel of Figure 3.2. The
di�erence between these two distributions is given by the gap statistic
(red line in the left panel of Figure 3.2); the optimal speed threshold
is where this gap statistic reaches a maximum. Eye movements with
speeds below the threshold are classi�ed as non-saccadic eyemovements
and eye movements with speeds above the threshold are classi�ed as
saccadic eye movements.

After this �rst step the non-saccadic eye movements still consist of
noise and �xations. To separate �xations from noise, a duration thresh-
old is used. The right panel of Figure 3.2 clearly shows two distributions;
one with many short non-saccadic durations (noise) and one with longer
non-saccadic durations approximately normally distributed around 400
ms (�xations). To separate these two distributions theminimum between
the two local maxima of the histogram of non-saccadic durations is cal-
culated (see the right panel of Figure 3.2). This minimum is the optimal
threshold (red line in right panel of Figure 3.2) to separate �xations from
noise. All points above this threshold are classi�ed as �xations.

Because infant eye-tracking data have some speci�c characteristics,
the original algorithm was modi�ed in three ways. The �rst and largest
adjustment was that speed thresholds were estimated per trial, whereas
Mould et al. (2012) used multiple trials of the same person. Although
this worked well in our data set for the speed threshold, this approach
resulted in too few data points to reliably estimate the duration threshold.
Therefore 28 trials (all images) per person were combined to estimate
the duration thresholds. Second, saccades with velocities that exceeded
the 1000 deg/s were excluded from the analyses. Inspection of the data
showed that these velocities often occurred before and after missing
data points, some which were incurred by blinking. This is in line with
the study of Pedrotti, Lei, Dzaack, & Rötting (2011) who also found
that eye-trackers produce unreliable measures before and after blinks.
Third, �xations that were separated by saccades shorter than 10 ms
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were combined, as such short saccade are physiologically impossible
(Nyström & Holmqvist, 2010).

3.2.4 Calculation of saccade directions

The direction of saccades was measured in degrees, ranging from 0◦ to
360◦, covering the full range of the circle. Saccades in the 0◦ direction
were to the right, in the 90◦ direction up, in the 180◦ direction to the left
and in the 270◦ direction down. The direction of the straight line from
the �rst x and y coordinate of the saccade to the last x and y coordinate
of the saccade was de�ned as the saccade direction.

3.2.4.1 Binning approach

To use the binning approach, the proportion of horizontal, vertical and
oblique saccades that infants and adults made was calculated for each
trial. Saccades made along the 0◦ axis (± 30◦) and the 180◦ axis (± 30◦)
were classi�ed as horizontal saccades, saccades made along the 45◦ axis
(± 15◦), the 135◦ axis (± 15◦), the 225◦ axis (± 15◦) and the 315◦ axis
(± 15◦) were classi�ed as oblique saccades and saccades made along
the 90◦ axis (± 30◦) and the 270◦ axis (± 30◦) were classi�ed as vertical
saccades. These proportions were chosen so every direction covered the
same range (33.3%, i.e. 120◦) of the circle. This was done to be able to
make fair comparisons between the three directions.

3.2.4.2 Von Mises approach

The Von Mises distribution can be thought of as the normal distribution
on a circle. Because multiple peaks in the distribution were expected,
for instance at zero and 180 degrees representing horizontal saccades, a
mixture of Von Mises distributions was �tted on the data of the infants
and the adults. The movMF package (Hornik & Grün, 2011) in R (R Core
Team, 2017) was used to �t this mixture of Von Mises distributions.

3.2.5 Data pre-processing

The data-driven algorithm of Mould et al. (2012) was used to classify
�xations and saccades. This algorithm adjusts the thresholds to data
quality; noisier data results in more conservative thresholds. Mean
velocity (M = 35.48 deg/s, SD = 12.82) and duration (M = 85.81 ms, SD
= 28.43) thresholds were higher in infants relative to adults (M velocity
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= 21.62 deg/s, SD = 7.15; M duration = 58.74 ms, SD = 15.92) . This
is what would be expected, as infant data are noisier than adult data.
Furthermore, the thresholds do not deviate much from commonly used
�xed thresholds, such as the standard Eyelink velocity thresholds of 35
deg/s and the often used 100 ms duration threshold.

A common problem in infant eye-tracking is that key dependent
variables, for example, �xation durations, correlate with noise levels
(Wass et al., 2014). Wass et al. (2014) de�ned two sources of noise,
robustness (the mean length of usable data segments per trial) and
precision (the di�erences between the raw data and smoothed data).
Lower robustness and higher precision scores indicate higher noise levels.
Wass et al. (2014) showed that these measures correlated with �xation
durations; infants that had noisier data appeared to have shorter �xation
durations. TheMould et al. (2012) algorithm used in this study overcame
these problems by adjusting thresholds to the noise levels. There was no
correlation between robustness and median �xation duration (r = -0.06,
t (39) = -0.39, p = 0.701) and the correlation between median �xation
duration and precision was also non-signi�cant (r = -0.26, t (39) = -1.71,
p = 0.094).

3.3 Results

3.3.1 Descriptives

The infants made 5529 �xations (M = 434 ms, SD = 258 ms, range = 44
ms - 2744 ms) and the adults made 13283 �xations (M = 275 ms, SD =
171 ms, range = 30 ms - 3198 ms). These values are in line with �xation
durations others report (e.g., Johnson, Slemmer, & Amso, 2004). The
infant �xation durations are typically longer than the adult �xation
durations, the mean �xation durations were also correlated with the age
of infants (r = -0.42, t (39) = -2.86, p = 0.007), such that younger infants
had longer �xation durations than older infants, which is what would
be expected. There were 4832 infant saccades and 12367 adult saccades
available for analyses. The distribution of saccades directions for infants
and adults can be found in Figure 3.3.
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Figure 3.3 – The distribution of saccade directions overlaid with the cut-o�
points of the binning approach to classify horizontal (H), vertical (V) and
oblique (O) saccades
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68



3.3. Results

3

3.3.2 Binning approach

Figure 3.3 shows the distribution of saccade directions with the cut-o�
points for horizontal, vertical and oblique saccades1. The mean pro-
portions in these three directions were compared between infants and
adults. The left panel of Figure 3.4 shows these proportions for infants
and adults grouped over images. Horizontal saccades are made more
often than vertical and oblique saccades, in both infants and adults, in-
dicating that infants have the horizontal bias. However, adults show the
bias to a larger extent.

To test for developmental di�erences within the infant group, the
age of infants was correlated with the proportion of horizontal saccades.
This correlation was signi�cant, r = .37, t (39) = 2.53, p = 0.016, such that
the proportion of horizontal saccades was larger for older than younger
infants.

Table 3.1 – AIC, BIC and Corresponding Akaike Weights for Models with 1 to
12 Components Fitted on the Infant and Adult Data

Infants Adults
AIC Weight BIC Weight AIC Weight BIC Weight

1 -48.74 .00 -35.77 .00 -53.47 .00 -38.63 .00
2 -663.50 .00 -631.08 .00 -3860.34 .00 -3823.22 .00
3 -842.79 .00 -790.92 .00 -5180.34 .00 -5120.96 .00
4 -870.92 .00 -799.61 .29 -5217.88 .00 -5136.23 .00
5 -892.11 .49 -801.34 .70 -5269.73 .00 -5165.81 .00
6 -890.68 .24 -780.47 .00 -5336.58 .00 -5210.40 .97
7 -884.85 .01 -755.19 .00 -5351.57 .76 -5203.11 .03
8 -878.85 .00 -729.75 .00 -5346.85 .07 -5176.12 .00
9 -890.85 .26 -722.29 .00 -5340.91 .00 -5147.92 .00

10 -869.70 .00 -681.69 .00 -5334.98 .00 -5119.72 .00
11 -879.55 .00 -672.10 .00 -5329.04 .00 -5091.51 .00
12 -873.56 .00 -646.66 .00 -5348.43 .16 -5088.63 .00

3.3.3 Von Mises approach

Because of the multiple peaks in the distribution of saccade directions, a
mixture of Von Mises distributions was used to describe the data. The
question of, how many Von Mises distributions should be mixed, was
addressed by �tting several mixtures of the Von Mises distribution with
an increasing number of components on the data of the infants and

1We also analyzed the data using four bins of 90◦ each, instead of three 120◦ bins,
this did not change the results.
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adults. Table 3.1 shows that �ve components were su�cient to �t the
data of the infants according to the AIC, BIC and their akaike weights
(Wagenmakers & Farrell, 2004). The number of components for the adult
data was less clear. The AIC suggested seven components, whereas
the BIC suggested six components (see Table 3.1. Ideally the infant
and adult data are �tted with the same number of components, to ease
comparison. The �ve (infants) and six (adults) component models were
selected, because �ve of the six components in the adult model were
comparable with the �ve components of the infant model (see Figure
3.5). The colors in Figure 3.5 correspond to the component in that model.
It can be seen that only the yellow component with the mean around
270◦ was not comparable between infants and adults.

A direct comparison between the parameters of the �tted models
in infants and adults was not possible, because standard errors were
not estimated. To compare the µ, κ and α parameters of the mixture
of Von Mises distributions between infants and adults, con�dence in-
tervals were bootstrapped around these parameters. This was done by
simulating data 100 times based on the parameters and re�tting the
model. The bootstrapped means and standard deviations of the parame-
ters are displayed in Figure 3.6. As Figure 3.6 shows, the µ parameter
was estimated very accurately and was almost the same for infants and
adults. Both infants and adults had two components looking to the right
(around 0◦), one component looking up (around 90◦) and two compo-
nents looking to the left (around 180◦). The κ parameters of adults were
higher on all components, except for the vertical up component. This
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Figure 3.7 – The correlation between age and proportion of saccades in the small
components (left panel) and wide components (right panel). Older infants are
more likely to make saccades in the small components than younger infants (left
panel) and vice versa are younger infants more likely to make saccades in the
wide components than older infants (right panel).

implies that overall there was lower variance in the adult data than in
the infant data. The α parameter showed di�erences in component three
and four. Adults made more saccades upwards, whereas infants made
more saccades to the left. Interpretation of these α parameters should
be done carefully, because the adults had another component that is not
displayed in the plot.

To compare these �ndings with the �ndings of the binning approach
the µ and α values were used to classify the proportion of horizontal and
vertical saccades in infants and adults. Although the binning approach
showed that adults made more horizontal saccades than infants, the Von
Mises approach showed the opposite pattern. Ninety-�ve percent of
infant saccades came from componentswith µ in the horizontal direction,
for adults this was only 74%. (see the right panel of Figure 3.4). In the
discussion we will elaborate on this �nding. The correlation between the
proportion of horizontal saccades and age of infants was not statistically
signi�cant when using the Von Mises approach (r = 0.22, t (39) = 1.42,
p = 0.163). However, a developmental pattern was observed within the
horizontal saccades of the infants. The Von Mises analysis showed that
both saccades to the left and right are described by two components,
one small and one wide component. When the posterior chances of
saccades belonging to these components are averaged over participants
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Figure 3.8 – The left panel shows a Sobel �lter applied to a stimuli to high-
light edges. The right panel shows the histogram of summed magnitudes of
edge orientations for this stimuli. The magnitude (white pixel correspond to
a high magnitude, black pixels to a low magnitude) of each pixel within a 2
degree bin is summed. In this stimuli the ratio between horizontal and vertical
summed magnitudes is approximately 1 as can be seen from the peaks that have
approximately the same heights in both directions.

and correlated with age, it becomes clear that older infants make more
saccades that fall in the small components, whereas younger infants
make more saccades that fall within the wide components (see Figure
3.7.

3.3.4 Stimulus properties

The stimuli used in this study were real-world scenes and it is known
that these scenes have a predominance of edges in the horizontal and
vertical directions (Coppola, Purves, McCoy, & Purves, 1998). To assess
the in�uence of edge orientations on the saccade directions, we applied
a Sobel �lter to gray scale versions of the stimuli to highlight the edges
(see the left panel of Figure 3.8). The Sobel �lter returns for every pixel
a magnitude (how bright that pixel is) and an orientation (in which
direction that pixel points). The magnitudes at each orientation were
summed for all stimuli separately (see right panel Figure 3.8 for an
example). For every stimulus a ratio between horizontal and vertical
summed magnitudes was calculated using the same bin sizes as in the
binning approach. The mean horizontal/vertical ratio was (M = 1.21,
SD = .40, range = .55 - 1.88). If edge orientations drive the horizontal
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bias, this ratio would be correlated with the proportion of horizontal
saccades. However, the proportion of horizontal saccades classi�ed
by the binning approach (r = -0.21, t (26) = -1.11, p = 0.278) and Von
Mises approach (r = -0.17, t (26) = -0.88, p = 0.385) in infants did not
correlate with ratio of horizontal versus vertical orientations. The same
pattern was observed for adults. The proportions of horizontal saccades
classi�ed by the binning approach (r = -0.15, t (26) = -0.79, p = 0.436) and
Von Mises approach (r = -0.04, t (26) = -0.18, p = 0.859) did not correlate
with ratio of horizontal versus vertical orientations. This implies that
the horizontal bias is not driven by edge orientations.

3.4 Discussion

This study shows that infants have the horizontal bias and replicated
the horizontal bias in adults. Furthermore, a developmental pattern
was found in which older infants make horizontal saccades with more
precision than younger infants. That the horizontal bias was found in
adults is in line with earlier studies (Foulsham et al., 2008; Gilchrist &
Harvey, 2006; Tatler & Vincent, 2008), but that infants also have this bias
and that the bias develops are novel �ndings. Future studies can bene�t
from these �ndings by incorporating the horizontal bias in models that
describe infant eye movements. Using general biases, such as the hori-
zontal bias, to model behavior has proven to be a fruitful endeavor in the
�eld of action selection (Körding &Wolpert, 2004). Certain motor behav-
iors are more likely to be selected than others. For instance, moving one
�nger, increases the likelihood for other �ngers on that hand to move as
well (Ingram, Körding, Howard, & Wolpert, 2008). Incorporating these
behavioral biases improved the ability to model and understand action
selection (Körding &Wolpert, 2004). Similarly, incorporating the hori-
zontal bias in eye movement models, can improve our understanding of
attention allocation and subsequently cognitive development.

The current study with infants can also shed some light on the origin
of horizontal bias. In the introduction, three possible explanations of the
origin of the horizontal bias were mentioned. Our �ndings support the
bio-mechanical and physiological explanations, but make the distribu-
tion of objects explanation less likely. The bio-mechanical explanation is
that horizontal saccades require less muscle activity than vertical and
oblique saccades (Viviani et al., 1977). The physiological explanation is
that the spatial density of rods and cones in the retina is higher along the
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horizontal direction than the vertical direction (Curcio et al., 1990). Both
bio-mechanical and physiological factors are unlikely to be di�erent for
infants and adults. The �nding that infants have the horizontal bias does
therefore support that bio-mechanical and physiological factors drive the
bias. The explanation that the distribution of objects in the environment
drives the bias proposes that, we learn that objects are located along
the horizon and therefore develop a horizontal bias. If we do learn that
interesting objects are often located along the horizon, we would not
expect infants to have the bias. Especially, young infants (< 6-months)
should not show the bias as they spend most of there time laying on
their back looking upwards. That we did �nd the bias in infants, makes
this explanation therefore less likely. However, from an evolutionary
point of view, the environment could still play a role in the horizontal
bias. For instance, the distribution of rods and cones in the retina may
be an adaption to the environment shaped by evolutionary forces.

Two analysis techniques were used in this study; the binning ap-
proach and the Von Mises approach. The added value of the Von Mises
approach over the binning approach, is that the Von Mises approach
allowed us to assess variability in eye movement directions and address
questions about the source of variability di�erences between infants and
adults. Furthermore, by de�ning saccade directions in a data-drivenman-
ner, no assumptions about saccade directions had to be made upfront.
Since the Von Mises approach takes the full distribution into account, it
provides a more realistic description of eye movement directions, than
pre-de�ned bins.

The two approaches yielded slightly di�erent �ndings regarding
the extent of the bias. The binning approach showed that adults have
a larger horizontal bias than infants, whereas the Von Mises approach
showed that infants have a larger horizontal bias than adults. That results
are di�erent when binning and continuous approaches are used is not
uncommon (MacCallum et al., 2002; Van Der Maas & Straatemeier, 2008)
and can be explained by the variance di�erences in saccade directions
between infants and adults. The �at saccade distributions of infants
led to the inclusion of relatively few data points in the horizontal bins,
whereas the �at distributions led to the inclusion of relatively many data
points under the Von Mises approach. Since the di�erence between the
bin size and width of Von Mises distributions is less profound in adults,
the two approaches could lead to opposite results.

The Von Mises analysis also found an age-related di�erence in vari-
ance of saccade directions: Older infants were more precise in targeting
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their saccades along the horizon than younger infants. This is in line
with �ndings of Bronson (1990), who found that very young infants (2-
14 weeks) become more accurate in targeting their saccades as they get
older. The source of this variance may be noise, in a sense that infants are
targeting saccades in the horizontal directions and the variance re�ects
the error. On the other hand, the variance can also re�ect a pattern of
random scanning behavior. In this study we cannot distinguish these
two sources, however we can conclude that infants become less noisy in
their saccade directions as they get older.

What could be the function of increased variability in saccade direc-
tions in younger infants? From other research areas, it is known that
random actions or random inputs to the system can actually foster de-
velopment. From neural network models it is known that biologically
plausible networks form feature analyzing ‘cells’ that are similar to the
cells found in the visual cortex (e.g., on-center-o�-surround cells, bar-
detectors, et cetera, Linsker, 1988). These cells emerge based on random
input (white noise) to the �rst layer of the neural network. In modeling
hand-eye coordinations, random arm activity helps a model to learn
coordinated grabbing behaviors (Bullock, Grossberg, & Guenther, 1993).
Such examples show that random input and actions are not necessarily
uninformative. Random eye movements may similarly help infants to
select di�erent kinds of information from their environments and tune
the perceptual system. In particular, early variability in saccade direc-
tions can be seen as a form of exploration of the environment that is
suitable when little knowledge is present; when the infant has learned
more about what to expect, more precisely targeted saccades become
more suitable as a form of exploration (cf. Schlesinger, Amso, & Johnson,
2007; Tummeltshammer & Kirkham, 2013). Characterizing the skill or
knowledge that is gained by this variability in saccade directions is an
interesting challenge for future research.

There are some limitations of this study that should be considered.
Images in this study were wider than they were high. This could have
resulted in more horizontal than vertical saccades simply due to the
image properties. Foulsham, Teszka, & Kingstone (2011) showed that the
width/height ratio does in�uence saccade directions; however, they also
found that the horizontal bias remained when stimuli were presented in
portrait format. This indicates that the width/height ratio cannot fully
explain our �ndings. Even if the horizontal bias found in this study is
completely due to the presentation in landscape format, the result is still
relevant as most eye-tracking studies present stimuli on a screen that is
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wider than high. Another limitation is that only real-world scenes were
used as stimuli rather than isotropic images. Therefore, the horizontal
bias may not generalize towards other stimuli. In adults the horizontal
bias is also present when stimuli are isotropic (i.e. fractals, Foulsham &
Kingstone, 2010). We did assess the in�uence of edge orientations in the
stimuli and found no e�ect on saccade directions. This indicates that
stimulus properties do not play an important role in the horizontal bias
in infants.

In sum, this study found that infants have a horizontal bias in mak-
ing saccades during free viewing of real-world scenes. In addition, a
developmental pattern was observed in which older infants are more
precise in targeting their saccades than younger infants. Future infant
eye-tracking studies should consider the horizontal bias when designing
experiments and analyzing eye-tracking data. Recognizing that general
biases, such as the horizontal bias, exist, will improve our understanding
of attention allocation and subsequently our understanding of infant
cognitive development.

77





Chapter 4
Center bias

ABSTRACT
This study examines how saliency and a center bias drive infants’ �rst �xation
while looking at complex scenes. Adults are known to have a strong center bias,
their �rst point of gaze is nearly always in the center of the scene. The center
bias is likely to be a strategic bias, as looking towards the center minimizes the
distance to other parts of the scene and important objects are often located at
the center. In an experimental design varying salient regions of scenes and
start positions we examined infants’ (N = 48, Age = 5 - 20-month-olds) �rst
�xation after scene onset. The pre-registered hypothesis that infants also have
a center bias while looking at real-world scenes was con�rmed. The strength
of the center bias is correlated with the saliency distribution such that the
bias is weaker when the strongest saliency is peripheral rather central. In the
absence of clear salient regions there still was a strong center bias. These results
suggests there is a competition between stimulus-driven factors and a center
bias in steering attention from a young age onwards.

This chapter is published as:

van Renswoude, D. R., van den Berg, L., Raijmakers, M. E. J., & Visser, I. (2019). Infants’
center bias in free viewing of real-world scenes. Vision Research, 154, 44–53. https:
//doi.org/10.1016/j.visres.2018.10.003
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4.1 Introduction

How do infants explore their complex visual world? The available in-
formation is overwhelming, whereas attentional resources are limited.
Necessarily, infants must select certain information to process, while
ignoring other information. Infants have several attentional mechanisms
that help them to explore their surroundings e�ciently. For instance,
innate biases enable infants to focus on biologically important features,
such as faces (Fantz & Nevis, 1967; Valenza, Simion, Cassia, & Umiltà,
1996). Furthermore, infants use statistical regularities to identify mean-
ingful visual features (Fiser &Aslin, 2001; Kirkham, Slemmer, & Johnson,
2002) and orient towards nor too simple, nor too complex visual informa-
tion (Kidd, Piantadosi, & Aslin, 2012; Piantadosi, Kidd, & Aslin, 2014).
Also, infants prefer novel (Fantz, 1963; Spelke, Breinlinger, Macomber, &
Jacobson, 1992) and surprising (Téglás et al., 2011) information.

Most of our knowledge about infant cognitive development comes
from looking behavior studies (Aslin, 2007, 2012), such as the studies re-
vealing the above characteristics of infant visual attention. These studies
often use arti�cial and simple stimuli, which allow to carefully control
experimental conditions to reveal the mechanisms underlying infant
visual attention. In contrast, viewing real-world scenes1 is studied in
adults because di�erent attentional processes are involved when objects
appear in context and the scenes are more complex (Henderson, 2003).
For similar reasons, this study examines infant attention over complex
real-world scenes.

4.1.1 Infant visual attention

Infant visual attention is theorized to transition from exogenous driven
towards more endogenous driven (Johnson, 1990, 2002). That is, younger
infants are mainly in�uenced by exogenous features in the environment
such as saliency and novelty (Fantz, 1963; Spelke et al., 1992). As infants
grow older they also gain more endogenous control and become able
to shift their attention voluntarily and intentionally (Colombo, 2001).
In parallel infants develop more complex object knowledge with age
(Cohen, Chaput, & Cashon, 2002; Johnson et al., 2004). This makes it
possible for older infants to shift their attention based onprior knowledge

1In this literature on free-viewing real-world scenes are understood as pictures
of real-world scenes either naturalistic or human-made seen on computer screens or
otherwise seen in a lab-setting.
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or expectations. During infancy, visual attention increasingly becomes
an interplay between both exogenous and endogenous factors.

This interplay between exogenous to endogenous factors also lies
at the core of adult visual attention. To what extent and under which
circumstances human visual attention is driven by exogenous or endoge-
nous factors is one of the main research questions in the scene viewing
literature (Henderson, 2017; Malcolm, Groen, & Baker, 2016). In the
scene viewing literature this debate can be summarized as the saliency
versus objects debate. There is a correlation between low-level saliency
and where people look (Borji et al., 2013), but this correlation is often
explained as the result of our attention towards meaningful objects that
happen to be also salient based on low-level features (Einhäuser, Spain,
& Perona, 2008; Nuthmann & Henderson, 2010; Stoll et al., 2015). The
question to what extent adult visual attention is under exogenous or
endogenous control relates closely to the developmental question of
how and when a transition towards more endogenous control of visual
attention in infants occurs. Scene viewing is the paradigm of choice
to study visual attention and its genesis and development by studying
infants in particular.

4.1.2 The center bias

A well-known and agreed-upon �nding in the adult scene viewing
literature is the existence of general tendencies in viewing behavior
(Tatler & Vincent, 2008, 2009). Most prominently the horizontal bias
(Foulsham et al., 2008; Tatler & Vincent, 2008) and the center bias (Clarke
& Tatler, 2014; Tatler, 2007). These biases in�uence how adults distribute
their attention across a scene. Notably, these biases are a confounding
factor in examining other factors that drive attention. Recent studies
into infant visual attention using complex and/or video stimuli all �nd
that low-level saliency does in�uence where infants look (Althaus &
Mareschal, 2012; Amso et al., 2014; Franchak et al., 2016; Frank, Amso,
& Johnson, 2014). However, these studies do not explicitly mention
or report these general biases. It is possible that the saliency e�ects
reported in these studies are actually the result of a center bias in infants
and the center of the scenes being salient. As such it is important to
understand the existence of these biases in infants. In the previous
chapter it was shown that infants, similar to adults, have a horizontal
bias (van Renswoude et al., 2016), the focus of this chapter is on the
center bias in infants.
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The center bias is the tendency to attend more to central than to
peripheral regions of scenes (Clarke& Tatler, 2014; Tatler, 2007). The term
center bias must be understood in the context of looking at a computer
screen and cannot be easily generalized to the real (o�-screen) world,
although there is some evidence for the center bias from head-mounted
eye-tracking paradigms (Ioannidou, Hermens, Hodgson, &Others, 2016).
Despite this limit to computer screens, understanding the center bias
is still of great importance to understand infant scene perception. To
interpret infants looking behavior we need to know a baseline for their
looking at the center, which is currently unknown. Also, infant research
broadly depends on infants looking at screens, and hence knowing the
basic tendencies that infants have in a such a situation is potentially
relevant to many infant research paradigms. This led us to formulate
three research questions: (1) Do infants have the center bias? (2) What
is the interplay between the center bias and scene saliency in infants’
visual attention? (3) Does the center bias of infants develop with age?

Several explanations have been giving for the center bias in adults.
Importantly, the center bias in adults is not an artifact of the position
of the �xation cross before the start of trials (Tatler et al., 2005). When
the �xation cross is set away from the center, the �rst eye movement is
almost always made towards the center (Foulsham et al., 2008; Tatler,
2007). This rules out the most simple explanations, but three other
common explanations remain; the center bias is a (1) physiological bias,
(2) saliency bias or (3) strategic bias. These three explanations are not
mutually exclusive and are likely to all in�uence to bias to some extent.

The center bias can be a physiological bias caused by orbital reserve.
This is the tendency to re-center the eyes in the orbits. During scene
viewing re-centering would results in a bias toward the center of the
scene when people are seated facing the center of the screen, which is
usually the case. This explanation is in line with the �ndings of the
center bias in a mobile eye-tracking study (Ioannidou et al., 2016).

Another common explanation is that the center of scenes is often
salient, which draws the attention towards the center. The center of
scenes are indeed often salient and this is believed to be a result of
photographers making compositions with objects in the center, known
as photographer bias (Tseng, Carmi, Cameron, Munoz, & Itti, 2009).

Thirdly, the center bias is also often explained as a strategic bias
for two reasons. First, because of the photographer bias, the center is
the region of the scene that is most likely to contain useful information.
It is therefore helpful to shift attention always towards the center as

82



4.1. Introduction

4

it is likely to contain important information to understand the scene.
Note that this is a di�erent explanation than the saliency explanation
above as this does not require the center to be actually salient, simply
the learned expectation that the center is salient is enough. Second,
looking towards the center minimizes the distance to other parts of the
scene andmaximizes the total amount of information, or gist, that can be
extracted from the scene (Najemnik & Geisler, 2005; Tatler, 2007). Both
reasons highlight that having a center bias is helpful to e�ciently process
complex real-world scenes.

4.1.3 Do infants have the center bias?

The explanations of the center bias described above can be used to derive
predictions of what we could expect in infants. The physiological and
saliency explanations of the center bias in adults would also predict a
center bias in infants, given what is known about infant visual devel-
opment. If the bias is physiological, infants are expected to have the
bias since the physiology is similar in infants and adults. When saliency
causes the bias it would also be expected that infants have the bias, as
infant attention is known to be driven primarily by exogenous factors
such as saliency. Finally, however, given the explanation that the center
bias results from a learned expectation, we would expect the bias to be
stronger for older infants than for younger infants. The few papers on
infant scene perception known to us do not explicitly report the center
bias (.e.g, Mahdi et al., 2017; Helo, Rämä, Pannasch, & Meary, 2016),
but the tendency to �xate the center does seem apparent in their data
and this is also what we observe in the scene viewing data of infants
collected in our own lab. Taken together this led us to hypothesize that
infants have or acquire the center bias within their �rst year.

4.1.4 The center bias and saliency?

Given what is known about infant visual development it is very likely
that saliency plays an important role in infant visual attention. Hence,
to study infant central bias we need to control for saliency. To this
end, we explicitly selected scenes with di�erent saliency distributions to
experimentally investigate the in�uence saliency has on the center bias.
All in all, saliency is considered an important factor in infant attention
and hence also scene viewing and this led us to hypothesize that the
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strength of the center bias in infants does depend on saliency of the
center versus the out-of-center areas.

4.1.5 The center bias and age of infants?

Following the physiology and saliency explanation of the center bias
we would not expect any developmental e�ect. Given the strategy hy-
pothesis, however, we would expect the center bias to develop with age.
Since young infants do not have much experience looking at screens
(Wartella, Vandewater, & Rideout, 2005), it is unlikely that they have
already learned this bias. Older infants have more experience looking
at screens and are thus more likely to have learned that looking at the
center is an e�cient strategy. We therefore did hypothesize that the
center bias does develop with the age of infants, although the timeline
is quite unclear. We included infants between 5 and 20 months old. The
lower age is chosen because we wanted to make sure that the perceptual
system of the child is well-enough developed. Contrast sensitivity, for ex-
ample, still has a rapid development during the �rst three months of life
(Atkinson, Braddick, & Moar, 1977). The upper bound has also practical
reasons, children beyond 20 months are more di�cult to test with an eye-
tracker, for which they have to sit still. Moreover, given the amount of
experience infants have with screens, 16 months of development should
already show some learning e�ects if such are present.

4.1.6 Current study

To answer these questions we propose to test infants in a free-viewing
experiment where they see pictures of real-world scenes. To test the
�rst hypothesis, “Do infants have the center bias?”, we varied the initial
position of a �xation before the appearance of the stimulus, using a gaze
contingent setup (Wang & Pomplun, 2012) such that eye movements
to both the center and periphery of scenes could be made. The crucial
measure was whether the �rst �xation after scene onset would be in the
center or in the periphery of the scene. To test the second hypothesis,
scenes with central, uniform and peripheral saliency distributions were
included to be able to quantify the role of saliency. To test the third
hypothesis that the center bias develops with age we included a wide
age range of infants (5 - 20-month-olds) such that the variation in screen
experience is su�ciently large (Wartella et al., 2005).
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4.2 Method

4.2.1 Pre-registration

There is a recent focus on reproducible research (Open Science Collabora-
tion, 2015) in psychology as many studies could not be replicated. Unfor-
tunately, infant studies also su�er from questionable research practices
(Peterson, 2016), but initiatives such as the Many Babies Collaboration
(Frank et al., 2017) are undertaken to promote open and reproducible
results. To contribute to the open science movement, we pre-registered
the study on the Open Science Framework (Spies et al., 2012). The three
hypotheses, the con�rmatory analyses that we use to test the hypothe-
ses, a power analysis that indicated 50 infants yield enough power, the
study design and more information can be found at the pre-registration
website2.

4.2.2 Participants

Sixty-four infants were recruited via the University of Amsterdam’s
baby database and 22 students participated for course credit. Sixteen
infants and six adults had to be excluded for various reasons: inability
to calibrate point of gaze (1 infant and 1 adult), problems with data
recording (2 infants and 4 adults) and problems with the presentation
software that caused the experiment to terminate too early (13 infants
and 1 adult). Unfortunately these issues did not occur during pilot
testing and since we pre-registered the experiment we decided to keep
testing and stick with our pre-registered plan. The data of the remaining
48 infants (Mean age = 12.16 months, SD = 3.10, range = 5.46 - 20.53) and
16 adults (Mean age = 20.79 years, SD = 2.17, range = 18 - 24) were used
in the analyses.

4.2.3 Stimuli

4.2.3.1 saliency algorithm

The algorithm of Itti and Koch (2000) was used to de�ne saliency as
this is a sensible choice to use in infants. In a recent paper (Mahdi et al.,
2017) in which several saliency algorithms are compared in predicting
infant �xations, the Itti and Koch algorithm is among the best on several
measures. Moreover the algorithm is biologically plausible, whichmakes

2https://osf.io/fg6sd/register/565fb3678c5e4a66b5582f67
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Figure 4.1 – Panel A shows a prototype center biased saliency map and panels
B, C & D show saliency maps of three scenes used in the center, periphery
and uniform conditions in this study. Panel E shows the distribution of the
correlations between the prototype center biased saliency map and over 6000
saliencymap from scenes of the LabelMe (Russell, Torralba, Murphy, & Freeman,
2008) database. There is an overall positive correlation which indicates that
real-world scenes have saliency distributions that are biased towards the center.
Panels F, G & H show examples of how the scenes in the center, periphery and
uniform condition were in the presented during the experiment, overlaid with a
circular aperture to avoid any biases due to format (Foulsham et al., 2011).

sense to use in infants as it mimics the visual system and selects what
stands out as salient. Here we used the python implementation from
https://github.com/akisato-/pySaliencyMap.

4.2.3.2 Stimuli selection

To select scenes from the LabelMe database (Russell et al., 2008) with
di�erent saliency distributions (biased to the center, to the periphery or
uniformly distributed), the following procedure was used: (1) Folders
from the LabelMe database with real-world scenes and high resolution
images (> 1280x1024 pixels) were selected. (2) saliencymaps of all images
in these folders were made using the (Itti & Koch, 2000) algorithm as
described above (see Figure 4.1 B, C & D for examples. (3) Correlations
between these saliency maps and a center biased saliency map (Figure
4.1A) were calculated using a simple correlation measure [Le Meur &
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Baccino (2013)}. The prototype center bias map is a bi-variate normal
distributionwithmeans 0 and standard deviations .2 ranging from -1 to 1.
That is, a two-dimensionalmatrix of numbers representing amultivariate
normal distribution of values with higher numbers in the center of
the matrix and lower numbers towards the periphery of the matrix
to represent the center bias. In order to correlate this prototype map
to a saliency map, the prototype map is scaled such that each number
in the center biased map corresponds to a pixel in the saliency map.
The reported correlations are the correlations between the center biased
map and the saliency maps on a pixel by pixel level. This resulted in
the distribution of correlations shown in Figure 4.1E. As expected, most
images correlated positively (Mean r = .13) with the center biased saliency
map. (4)We selected the 20 scenes with the strongest negative correlation
(r’s < -.3), a random sample of 20 scenes with positive correlations (r’s >
.3 & < .4, to match the magnitude of the negative correlations) and the
10 images with correlations closest to zero. (5) From these 50 images
we manually selected a �nal sample of 10 scenes in each condition by
excluding indoor scenes and similar scenes, also we included 3 white
noise scenes as pure uniformly distributed scenes. Figure 4.1 F, G &
H show examples of how the scenes were presented, overlaid with a
circular aperture to avoid any biases due to the presentation format
(Foulsham et al., 2011). To avoid additional biases due to sharp edges
of the aperture, the edges were blurred using the raisedCos function in
PsychoPy (Peirce, 2007).

4.2.4 Design, apparatus & procedure

Thirty real-world images were presented to participants while an eye
tracker recorded their eye movements. Prior to every image a colored
dot appeared on the screen for a maximum of 2500ms. The dot would
expand and contract, and was accompanied by a beeping sound that
was to attract the participants’ attention towards the dot. This dot acted
as a starting location and was located equally far from the scene center
as from the scene boundary. Only after participants looked at the dot
for at least 100ms within 1.25◦ of visual angle, the scene appeared on
the screen for 2500ms. If participants failed to �xate the dot for at least
100ms, the scene would not be displayed and a new trial would start. The
experiment ended if participants saw all 30 scenes, or after a maximum
of 60 trials.

The experiment was programmed in Python (Python Software Foun-
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dation, https://www.python.org/), and Pygaze (Dalmaijer, Mathôt, &
Stigchel, 2014) was used to interact with the EyeLink 1000 eye tracker
and run the experiment using PsychoPy (Peirce, 2007) as back-end. The
remote EyeLink 1000 eye tracker (SR Research Ltd., Ontario, Canada)
recorded participants’ eye movements at 500 Hz, and only one eye was
digitized. In order to record eye movements, a target sticker was placed
on the participants’ foreheads. This ensured that head positions were
tracked when participants moved their heads during the experiment.

Before the start of the experiment all parents and/or caregivers of
the infants gave their informed consent. The experiment was carried
out in accordance with the Code of Ethics of the World Medical Asso-
ciation and approved by the ethical commission of the University of
Amsterdam. Participants were seated in a darkened room with dimmed
lights in order to avoid them attending to anything other than the stim-
uli. Both adults and infants were seated at a distance of 55 cm from
a 17-inch-screen, with a subtended visual angle of approximately 27◦
x 34◦. Infants were seated in a baby car seat or on their parent’s lap.
Parents were instructed not to interact with their child. Prior to stimulus
presentation, a �ve-point calibration and validation method calibrated
the point of gaze until it fell within 1◦ of the target’s center. To calibrate
point of gaze, green, expanding, and contracting dots were presented on
a grey screen. When the dots failed to attract the infants’ attention, we
started a calibration procedure in which the green dots were replaced by
the children’s book character Mi�y. We used the Mi�y-calibration in 8
infants (5.46 to 13.19-month-olds, M = 9.04, SD = 3.08). After successful
calibration, the experiment began.

4.2.5 Data analyses

4.2.5.1 Data pre-processing

Raw sample to sample data were classi�ed into �xations and saccades,
using the R-package (R Core Team, 2017) Gazepath (van Renswoude et
al., 2018). Gazepath uses an algorithm to classify eye tracking data into
�xations and saccades, while accounting for individual di�erences and
data-quality. Especially in studies where data of di�erent populations is
compared (such as infants and adults in this study), this is very useful
as the same method can be applied to participants in all populations.
This rules out the possibility that population di�erences occur because
of di�erences in noise-levels.
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4.2.5.2 Confirmatory hypothesis testing

The (binary) dependent variable is the location of the �rst �xation: in-
side the center of images (1) or outside the center of images (0). Every
�rst �xation after scene onset that fell within 6.4◦ of visual angle from
the center of the scene (the start position) is classi�ed as being inside
the center of the scene. Fixations outside this circle are classi�ed as
being outside the center of the scene. The independent variables are the
saliency distribution of scenes (biased to the center, biased to the side,
or evenly distributed) and the infants’ age (5.46- to 20.53-month-olds). A
General linear mixed model (GLMM) is �tted to this data and we report
the beta coe�cients of the intercept, age and saliency distribution. When
the intercept beta coe�cient deviates from zero we conclude infants
have a center bias. The other two coe�cients indicate whether this bias
depends on age and saliency respectively.

4.2.5.3 Exploratory analyses

To replicate previous �ndings of the center bias in our stimulus set we
included adults in the study as well. We �t a similar GLMM to the
combined data of infants and adults with a group (Infants vs Adults),
instead of age variable. This analysis allows us to test for di�erences in
center bias between infants and adults. Furthermore we conduct follow-
up analyses after removing outliers and using the distance to the center
as dependent variable.

4.3 Results

The Results section starts with the description of the data followed by
the con�rmatory analyses in which the pre-registered hypotheses are
tested. Afterwards several exploratory follow-up analyses are conducted
to verify the robustness of the results. In these exploratory analyses the
center bias replicates in adults, it is shown that the results are similar
when outliers are removed and veri�ed that using the continuous dis-
tance from the center as measure of the center bias instead of the location
of the �rst �xation being inside or outside the center provided similar
results.
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Figure 4.2 – The left panel shows the proportions of looking to the center for
infants and adults in all three conditions. The right panel shows the relationship
between looking to the center and age of infants.

4.3.1 Descriptives

For infants, 85% of the trials were available for data analyses. On av-
erage only 5 trials were missing distributed evenly across conditions.
Ten infants provided data on all 30 trials and there was no signi�cant
correlation between the number of trials on which data was available
and age. For adults only 5 trials in total were missing leaving 99% of
the data available for analyses. There were 1213 �rst �xations in infants
(mean duration = 509.39ms, SD = 317.3ms, range = 100 - 2102ms), and
475 �rst �xations in adults (mean duration = 367.17ms, SD = 387.87ms,
range = 100 - 2302) available for analysis. The left panel of Figure 4.2
shows the proportions of looking to the center for infants and adults in
the three conditions. The right panel shows the relationship between
age and looking to center for the three conditions.

4.3.2 Confirmatory analyses

The GLMM analysis of the infant data with saliency condition and age
as predictors and participant and image as random e�ects con�rmed
the �rst hypothesis: �rst �xation locations were more likely to fall in the
center, than in the periphery of scenes (β = 0.85, SE(β) = 0.175, z = 4.855,
p < .001). The second hypothesis was also con�rmed, there was an e�ect
of scene content. Scenes with saliency distributions biased towards the
periphery of scenes were less likely to elicit central �xations than scenes
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Figure 4.3 – The top and middle row shows heat maps of the �xations of infants
and adults within the center, periphery and uniform saliency conditions. Blue
colored regions received none or very few �xations, whereas red regions are
frequently �xated. The bottom row shows the combined saliency distribution
of the scenes within each condition. Here, blue colored regions are not salient,
whereas red colored regions are most salient.
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with saliency distributions biased towards the center (β = -1.532, SE(β)
= 0.244, z = -6.289, p < .001). The third hypothesis was not con�rmed,
there was no signi�cant e�ect of age within the group of infants (β =
-0.012, SE(β) = 0.029, z = -0.406, p = 0.685).

To validate that our stimulus set could replicate the center bias in
adults, we tested 16 adults with the same procedure as we tested the
infants with. The adults also showed an overall center bias (β = 1.582,
SE(β) = 0.272, z = 5.819, p < .001), replicating the center bias in adults
(Foulsham et al., 2008; Tatler, 2007; Tseng et al., 2009). Adults showed a
similar e�ect of scene content as infants (β = -1.221, SE(β) = 0.334, z =
-3.652, p < .001), the bias wasweaker for scenes in the periphery condition
than in the center condition.

4.3.3 Exploratory analyses

An exploratory GLMM analysis combining the infant and adult data
was conducted to compare the magnitude of the center bias e�ect be-
tween infants and adults. Saliency condition and group (infant or adult)
were the predictors and participant and image were included as random
e�ects. This analysis showed that the center bias is weaker for infants
than for adults (β = -0.699, SE(β) = 0.247, z = -2.831, p = 0.005). The distri-
butions of �rst �xations are displayed in Figure 4.3 for infants (top row)
and adults (middle row) in the center (left column), periphery (middle
column) and uniform (right column) conditions. These plots con�rm
a center bias for both infants and adults when the center is salient or
saliency is uniformly distributed across scenes. The periphery condition
shows a bi-modal pattern for both infants and adults. Most �xations fall
around the bottom of the scene, which is also the most salient part of
the scenes in this condition (bottom middle panel). The second mode of
adults’ �xations fall in the center, whereas the second mode of infants’
�xations fall at the top of the scene. The bias towards the periphery of
infants’ �xations could be explained by the saliency distribution that
is also biased towards the periphery. In adults, however, the �xations
in the center cannot be explained by the saliency distribution, as the
center is not salient. Something similar seems to occur in the uniform
condition; both infants and adults show a center bias, but this bias cannot
be explained by the uniform saliency distribution.
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Figure 4.4 – Top panels show the �xation durations on the starting locations.
The distributions are bi-modal for both infants and adults. This is caused by
the fact that that the shorter latencies were the result of already programmed
saccades towards the starting locations dot that was no longer on screen. After
removing these outliers (left of the red bars in the top panels) the overall results
do not change as can be seen from in the bottom panels were the exact same plots
are shown as in 4.2, but with the outliers removed.

4.3.3.1 Outlier removal

The experimental manipulation we used in this study led to saccade
latency distributions that were bi-modal for the saccades following the
�xations on the start locations. Figure 4.4 shows these distribution of
�xation duration for both adults and infants. These shorter latencies
are the result of an already planned saccade during the time the screen
showed the dot on the starting location. Although the actual scene is
on the screen when these saccades take place, they are targeted at the
dot that is no longer on screen, but executed anyway. This is con�rmed
by the fact that basically all �xations following the shorter latencies are
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re-�xations on the starting location. This e�ect is common in scene onset
delay paradigms (Henderson & Pierce, 2008; Henderson & Smith, 2009)
and is taken into account in saccade generating models (Nuthmann et al.,
2010; Tatler, Brockmole, & Carpenter, 2017; Trukenbrod & Engbert, 2014).
However, we did not anticipate this and this caused several outliers in
our data. Since the re-�xations that follow these shorter latencies are not
under control of the stimuli, it makes sense to remove them from the
analyses. To do so we used a threshold of 175 msec., this threshold is
able to separate both the infant and adults latencies as can be seen by
the red vertical bars in Figure 4.4. Moreover, 175 msec. is considered to
be the shortest amount of time in which a saccade can be planned and
executed (Rayner, Slowiaczek, Clifton, & Bertera, 1983).

The analyses without the outliers show basically the exact same
results as the original analyses. The bottom panels of Figure 4.4 show
the same plots as Figure 4.2, but with the outliers removed. The overall
pattern of results is the same, there is a main e�ect of the center bias and
an e�ect of condition, but not of age. The only notable di�erence is that
the center bias e�ect is even stronger after removing the outliers. This
makes sense as the outliers are �xations following saccades targeted at
the starting location dot. Some of these �xations will fall on the side of
the center while others will fall on the side of the periphery. We would
not expect any systematic deviations within the outlier locations and
thus the outliers are just introducing noise. After this noise is removed
the e�ect becomes more clear. If the outcome variable had been distance
from the center the e�ect of the outliers would have been more severe,
because in that case all outliers would be biased away from the center.
With the outliers removed it also makes sense to check if an analysis
with distance as continuous outcome variable yields similar results as
the initial analysis.

4.3.3.2 Distance analyses

An analysis on the distance from the center was conducted to validate
that the results would be the same if a continuous measure was used, see
Figure 4.5. A linear mixed model for the infant data with distance to the
center as outcome variable and saliency condition and age as predictor
variables showed there was an e�ect of scene content. We report the
coe�cients with t-values above 2 or below -2 as signi�cant predictors.
Sceneswith saliency distributions biased towards the periphery of scenes
received more �xations away from the center than scenes with saliency
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Figure 4.5 – The left panel shows the distance from the center of the �rst �xation
measured in degrees of visual angle. The red line is the distance of the start
location. Error bars lie ± 2 standard errors around the mean. The right panel
shows the relationship between the age of infants and the distance from the center
for the center, periphery and uniform condition.

distributions biased towards the center (β = 2.224, SE(β) = 0.627, t =
3.546). Similar to the initial analysis there was no signi�cant e�ect of age
within the group of infants (β = -0.014, SE(β) = 0.035, t = -0.41).

A linear mixedmodel for the infant and adult data combined showed
a main e�ect for infants, infant �xations fall further away from the center
than adult �xations (β = 1.568, SE(β) = 0.262, t = 5.979). There is also a
main e�ect of scene content, scenes with saliency distributions biased
towards the periphery of scenes had �xations further away from the
center than scenes with saliency distributions biased towards the center
(β = 2.133, SE(β) = 0.437, t = 4.884). Overall the results of the distance
analyses were very similar to the results of the initial analyses.

4.3.3.3 Distance and saccade latency

Recently it was shown that the center bias is weakenedwhen participants
hold their gaze on the location of the �xation cross after scene onset
(Rothkegel, Trukenbrod, Schütt, Wichmann, & Engbert, 2017). In this
study a �xation cross would appear away from the center on a gray
screen and after a �xation on the cross a scene would appear. However
the �xation crosswould remain on the screen for 0-1000msec. depending
on the condition. Participants were instructed to only start to explore the
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Figure 4.6 – The relationship between the saccade latencies and of the distance
from the center is shown for adults (left panel) and infants (right panel) for
the center, periphery and uniform conditions. The red line corresponds to the
starting location

scene after the �xation cross disappeared. The results showed that the
tendency to �xate the center was weaker when participants held their
gaze at the position of the �xation cross. Importantly, the same pattern
was observed between the saccade latencies and distance from the center
when there was no overlap between the �xation cross and scene onset.
This implies that the saccade latencies can be a confound in this study
as adults’ shorter latencies may explain why they show a stronger bias
than infants.

To test if saccade latencies in�uenced the center bias in this study we
�tted a linear mixed model with random intercepts for participants and
images, distance from the center as outcome variable and saccade latency
(scaled with mean 0 and sd 1), condition, group and there interactions as
predictor variables. The raw data with simple linear e�ects is displayed
in Figure 4.6. In line with earlier analyses, there were a main e�ect
of scene content and group. Scenes with saliency distributions biased
towards the periphery of scenes received more �xations away from
the center than scenes with saliency distributions biased towards the
center (β = 2.397, SE(β) = 0.634, t = 3.783). Infants had �xations that fell
further away from the center than adults (β = 1.71, SE(β) = 0.455, t =
3.761). In contrast to the �ndings of (Rothkegel et al., 2017) there was no
main e�ect of latency (β = -0.131, SE(β) = 0.564, t = -0.233) and none of
the interactions between latencies and either group, condition or both
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reached signi�cance. This implicates that the latencies are unlikely to be
be a confounding factor in this study as there was no overall e�ect and
latencies did not have di�erent e�ects for infants and adults. Looking at
Figure 4.6 it is clear there is no latency e�ect on the center bias in adults,
for infants in the center and uniform condition it seems there might be
an e�ect, but do note that this e�ect is not signi�cant.

4.4 Discussion

In this study we examined the center bias in infants experimentally by
manipulating the start position of �xation and saliency distribution of
scenes. The con�rmatory analyses showed support for the hypothesis
that infants have the center biaswhen viewing complex real-world scenes.
Furthermore, we con�rmed the second hypothesis that the center bias is
stronger for scenes that are salient in the center than for scenes that are
salient in the periphery. The third hypothesis, that the center bias is larger
in older than younger infants, was not supported by the data. However,
the exploratory analyses did show a developmental e�ect; infants have a
weaker center bias than adults. Also, the center bias in adults (Foulsham
et al., 2008; Tatler, 2007; Tseng et al., 2009) was replicated with the stimuli
used in this study. In addition, several exploratory follow-up analyses
con�rmed the robustness of the e�ect after removing outliers and using
the distance to the center of the screen as dependent variable.

In the introduction three common explanations for the center bias
were discussed: physiology, saliency and strategy. These explanations
are often di�cult to disentangle, but the experimental setup used in
this study and the fact that both infants and adults participated makes
it possible to assess how likely these di�erent explanations are given
the results reported in this study. The experimental setup in this study
was speci�cally used to test the �rst instance of the center bias. That is,
by varying the start position it is known that the �rst saccade is nearly
always directed at the center (Foulsham et al., 2008; Tatler, 2007), here
we explicitly manipulated saliency and tested both infants and adults
looking for the limits of this e�ect. This experimental design allows us
to some extent to disentangle these three explanations that might cause
the center bias.

Orbital reserve explains the bias as the tendency to re-center the
eyes in the orbits. This explanation would predict a center bias in both
infants and adults regardless of the saliency distribution of the scene.
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Although we did �nd an overall center bias there also is a strong e�ect
of saliency condition in both infants and adults which indicates that the
physiological explanation is unlikely to be the only explanation of the
center bias.

The saliency explanation of the center bias predicts that both infants
and adults would shift their attention towards the salient parts of the
scene. In infants this was the case to a large extent, which is in line with
the literature on infant development that highlight the importance of
exogenous factors such as saliency as driver of infant attention (Johnson,
1990, 2002). In adults, however, there also were e�ects of saliency albeit
more mixed. The results showed a population of �rst saccades to the
center and a populations of �rst saccades towards the periphery when
the periphery was most salient. Moreover, in the absence of salient
regions, when saliency is distributed uniformly, both infants and adults
�xate the center, whereas a more uniform distribution of �xations would
be predicted if saliency is the main or only force driving behind the
center bias. This implies that saliency cannot fully explain the center
bias in both infants and adults.

The e�cient viewing strategy explanation of the center bias would
predict that adults �xate the center regardless of the saliency distribution
of scenes. For infants we would expect a developmental pattern that
shows that the center bias increases as older infants have learned that
the center bias is often the most informative region and it is e�cient
to �xate the center as it minimizes the distance to other parts of the
scene. The results of this study are not completely in line with the
strategy explanations, as we did not observe a developmental pattern
within infants and did �nd an e�ect of saliency in adults. However,
there is a developmental di�erence as adults have a stronger center
bias than infants. This does imply that the center bias does have a
developmental component which is in line with the idea that the center
bias may be acquired over time. Moreover, although there was an e�ect
of saliency in adults, the �rst �xations of adults when the periphery
is most salient show a bi-modal distribution, which does not directly
re�ect the saliency distribution. This bi-modality suggests a competitive
dynamical process (Tatler et al., 2017). This pattern of results is consistent
with a cognitive process that is best described as a competition between
exogenous factors steering attention and an endogenous center bias
seeking to optimize information uptake. Consistent with a shift from
exogenous to endogenous control of eye movements, the results further
suggest that saliency has a relatively larger impact in this competition in
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infants than it does in adults.
This study sets a �rst step towards understanding infant gaze patterns

over real-world scenes. Only a few other studies address real-world scene
perception in infants (.e.g, Mahdi et al., 2017; Helo et al., 2016) and this is
a serious gap in both the scene viewing and developmental literature. We
know from the many adult studies into scene perception that top-down
factors are important in predicting where adults look. Adults are likely
to look at meaningful objects in scenes (Einhäuser et al., 2008; Stoll et al.,
2015) and focus their attention towards regions that are likely to contain
useful information (Henderson, 2017; Torralba, Oliva, Castelhano, &
Henderson, 2006). Moreover, individual di�erences in scene viewing
are linked to personality traits (Risko, Anderson, Lanthier, & Kingstone,
2012) and cognitive abilities (Hayes & Henderson, 2017). Scene viewing
is a paradigm that can be applied to both infants and adults, making
it possible to study the development of individual di�erences from a
pre-verbal age onwards. In addition, studying scene viewing in infants
can provide interesting insights into the mechanism underlying scene
perception in adults. Especially, the ongoing debate to what extent
bottom-up saliency or to top-down knowledge in�uences scene viewing
is closely related to the developmental shift from exogenous (bottom-up)
towards more endogenous (top-down) visual attention.

Understanding what drives attention allocation over complex scenes,
is best done with an integrative approach in which all factors that are
known to play a role are part of a single model. For instance, a model that
uses saliency, general biases and individual di�erences such as age or
knowledge as a function of �xation locations and durations. Examples of
models that predict �xation locations are the SceneWalk model (Engbert,
Trukenbrod, Barthelmé, & Wichmann, 2015) and the saccadic model
of eye movements (Le Meur & Liu, 2015). These models generate scan
paths based on saliency, task demands and general biases that can be
compared to actual scan paths. Developing such a model for infant
attention allocation would provide further insights into the transition
from exogenous towards endogenous factors steering attention as it
allows to test hypotheses by manipulating model settings. For instance,
to test the role of saliency, scan paths with a varying importance of
saliency settings could be generated and compared to actual infant scan
paths to assess its role. This study shows that the center bias is an
important factor to account for in such models.

A possible limitation of this study that is worth discussing concerns
ourmanipulation of the saliency distribution of scenes. Wedid not expect
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to �nd such strong e�ects of the saliency distribution as we did (see the
pre-registered document). Saliency e�ects reported in the literature
are often relatively small, but here we found a strong e�ect between
the center and periphery conditions. This may be explained by the
manipulation in the saliency condition that was quite extreme, especially
for periphery condition. This extreme manipulation may have led to the
large e�ects of saliency we found is this study. It would be interesting
to replicate this study with a more subtle manipulation to keep closer
to scenes people often encounter and get a better understanding of the
generalization of the e�ects reported here.

Recently, there is a strong focus in psychology on replicable and
transparent science (Open Science Collaboration, 2015; Spies et al., 2012).
Especially in infant studies researchers often encounter obstacles, such
as data loss due to uninterested infants or noisy data that is di�cult to
interpret. A recent �eld study in which someone went undercover in
three baby labs, showed that questionable research practices (Simmons
et al., 2011) were common in these baby labs (Peterson, 2016). Here,
we aimed to avoid these practices by preregistering our hypotheses
and analyses at the OSF (Spies et al., 2012). Using these best practices,
we found that infant attention to real-world scenes is driven by two
competing factors, the center bias and scene content. Scenes with salient
centers elicit a center bias, whereas scenes with salient peripheral regions
do not or to a lesser extent. Scene content cannot fully explain the bias,
as scenes with uniformly distributed saliency also elicit the bias. The
center bias cannot be simply explained by human physiology or scene
saliency, but is more likely to be a cognitive strategy used to e�ciently
explore the environment.
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Chapter 5
Systematic tendencies

ABSTRACT
Systematic tendencies such as the center and horizontal bias are also known to
have a large in�uence on how and where we move our eyes during free scene
viewing. However, it is unknownwhether these tendencies are learned viewing
strategies (e.g., an initial ambient mode scanning the scene, followed by a focal
mode for more detailed processing) or are more default tendencies in the way
wemove our eyes over whichwe have little to no control. To gain insight into the
origin of these tendencies we explore the systematic tendencies of infants (3 - 20-
month-olds, N = 157) and adults (N = 88) in three di�erent scene viewing data
sets. The results highlight the overall similarity between general eye movement
patterns in infants and adults. Similar to adults, infants �xation durations
increase with viewing time and the dependencies between successive �xations
and saccades show very similar patterns. A straightforward conclusion to draw
from this set of studies is that infant and adult eye movements are driven by
similar underlying low-level processes.

This chapter is published as:

van Renswoude, D. R., Raijmakers, M. E. J.*, & Visser, I.* (2020). Looking (for) patterns:
Similarities and di�erences between infant and adult free scene viewing patterns.
Journal of Eye Movement Research, 13(1). https://doi.org/10.16910/jemr.13.1.2
* Shared last author
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5.1 Introduction

Within real-world scenes there is always more visual information avail-
able than we can process. This implies that we must selectively allocate
our attention towards di�erent parts of the scenes. When looking at a
real-world scene our eye movements are series of �xations and saccades.
During a �xation we process the available visual information and the sac-
cades are the re-locations towards other parts of the scene. The planning
of these eye movements is in�uenced by both bottom-up scene character-
istics (Borji et al., 2013) and top-down cognitive relevance (Henderson,
2017). There are systematic tendencies in the way we move our eyes,
such as the central (Clarke & Tatler, 2014; Tatler, 2007) and horizontal bias
(Foulsham & Kingstone, 2010; Foulsham et al., 2008). These systematic
tendencies could be a result of bottom-up or top-down in�uences, or
could be a result of other unrelated processes. In this paper we take a
developmental perspective by comparing systematic tendencies in eye
movements of infants and adults.

Systematic tendencies are often interpreted as confounding factors
obscuring the e�ects of bottom-up or top-down processes. As such the
term ‘biases’ is often used to refer to these tendencies. Tatler & Vincent
(2009) showed that predicting �xation locations based on systematic
tendencies alone (e.g., blind to the scene) can outperform a saliency map
based on low-level image features (e.g., contrast, luminance, edges). In
order to conclude that bottom-up or top-down processes play a role in
guiding eye movements, this in�uence should be above and beyond of
what is expected based on systematic tendencies alone. In the analyses
of eye movement data much e�ort has gone into deriving appropriate
baseline measures to control for the in�uence of these systematic tenden-
cies (Clarke & Tatler, 2014; Tatler et al., 2005) and accounting for these
tendencies in analysis models (e.g., Nuthmann, 2017; van Renswoude et
al., 2019b). Recently, Clarke, Stainer, Tatler, & Hunt (2017) developed the
saccadic �ow model which provides a baseline measure to control the
in�uence of �xation locations on saccade directions.

Apart from being a confounding factor, these systematic tendencies
are also used to improve the prediction of �xation locations in saccadic
models. Saccadic models aim to predict �xation locations by generating
series of �xations and saccades known as scanpaths. These saccadic
models can be improved by incorporating these systematic tendencies.
For instance, Le Meur & Coutrot (2016) improved their earlier saccadic
model (Le Meur & Liu, 2015) by incorporating the joint distribution of
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saccade lengths and directions. More recently they also showed that
adding these age-related tendencies into the model improved the pre-
diction of �xation locations within the di�erent age groups (Le Meur et
al., 2017).

Although these systematic tendencies are a robust phenomenon ob-
served across experiments, tasks and labs, the nature of these tendencies
remains largely unknown. Comparing infants and adults with regard
to these tendencies as we do in the current study, allows to gain more
insight into the origin of these tendencies. There are a couple of ex-
planations where these systematic tendencies originate from. First, we
could be “hard wired” to move our eyes in certain way that causes these
dependencies. This could be both a result of physical constrains, such as
the distribution of rods and cones in the retina (Curcio et al., 1990) or be a
result of a core knowledgemodule (Spelke &Kinzler, 2007) that determines
how to move our eyes. Second, these systematic tendencies could also be
a result of the scene content. There are known spatial dependencies in
scenes (Oliva&Torralba, 2006) thatmay cause these systematic behaviors.
Third, these tendencies could be a result of task dependent top-down
strategies that we use to explore the environment. There is some evi-
dence that relationships between successive �xation and saccades are
di�erent for free-viewing tasks, compared to search tasks (Nuthmann,
2017). For instance, Nuthmann (2017) reports a stronger relationship
between incoming saccade amplitude and �xation durations for a search
task than a free-viewing task. This may indicate that these systematic
tendencies are e�ected by cognitive strategies. Fourth, these tendencies
may be learned as being an e�ective or e�cient way to process a scene. If
these systematic tendencies are similar in infants and adults the physical
and scene content explanations become more likely, whereas it would be
less likely that cognitive factors or learning play a role. If, however, there
are di�erences between infants and adults in their systematic tendencies
than the “hard-wired” and scene content explanations become less likely,
whereas it would be more likely that cognitive factors or learning play a
role.

5.1.1 Systematic tendencies

The overall systematic tendencies, such as the center bias and the hori-
zontal bias are also known to be present in infants (Helo et al., 2016; van
Renswoude et al., 2019a, 2016), however the existence of other systematic
tendencies is largely unknown. The current study examines the left-
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ward bias, viewing time and scanpath dependencies between successive
�xations and saccades which are described below in more detail.

5.1.1.1 Leftward bias

The leftward bias is the tendency to make an initial eye movement to-
wards the left side of the screen (Foulsham, Frost, & Sage, 2018; Foulsham,
Gray, Nasiopoulos, & Kingstone, 2013; Ossandon, Onat, & Koenig, 2014).
This tendency is hypothesized to stem from the asymmetry of attentional
control networks in the brain that are lateralized to the right hemisphere.
Another common explanation is the reading direction that is left-to-right
for most participants and that these learned scanning habits play a role
in the leftward bias. Although the leftward bias seems universal, studies
comparing left-to-right readers with not left-to-right readers report a
weaker leftward bias for non left-to-right readers (Abed, 1991; Heath,
Rouhana, & Abi Ghanem, 2005; Megreya & Havard, 2011; Nicholls &
Roberts, 2002). If reading direction does in�uences this tendency, we
would not observe the leftward bias in infants, but we would in adults.

5.1.1.2 Viewing time

The in�uence of viewing time on eye movements is well-established. At
the start of a trial, �xation durations are typically shorter after which
they increase in duration during the trial (Nuthmann, 2017; Pannasch et
al., 2008; Velichkovsky et al., 2000). Saccade amplitudes tend to follow
an opposite pattern with larger saccade amplitudes at the start of the
trial that decrease in amplitude towards the end (Tatler & Vincent, 2008;
Unema, Pannasch, Joos, & Velichkovsky, 2005). Together these �ndings
have been interpreted to re�ect di�erent modes of scanning. An ambient
or global mode at the start of trials characterized by shorter �xation du-
rations and saccades of longer amplitude and a focal or local mode with
longer �xation durations and saccades of shorter amplitude (Unema et
al., 2005). This type of viewing behavior could be interpreted as strategic
as the scene is �rst scanned quickly after which the most informative
regions are inspected more closely.

5.1.1.3 Scanpath dependencies

Given that �xation duration and saccade amplitude depend on viewing
time, we would also expect dependencies between successive �xation
durations and saccade amplitudes if the ambient and focal modes exist
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(Unema et al., 2005). Similarlywewould also expect correlations between
successive �xation durations and successive saccade amplitude. Tatler
& Vincent (2008) did report such dependencies in which shorter �xation
durations and saccade amplitudes were also followed by shorter �xation
durations and saccade amplitudes and longer �xation durations and
saccade amplitudes were followed by longer �xation durations and sac-
cade amplitudes. Other scanpath dependencies include the relationships
between �xation durations and saccade amplitudes with the (change in)
saccade direction.

5.1.2 Current study

The main aim of the current study is to investigate the origin of the
systematic tendencies often reported in the literature. To this end we
compare infants and adults on the systematic tendencies frequently
observed in adults in three existing free-viewing data sets. Studying
infants in comparison with adults allows to gain more insight in the
mechanisms underlying the systematic tendencies. When results are
similar for infants and adults it is more likely these tendencies are a
result of basic mechanisms, whereas di�erences between adults and
infants could indicate that these tendencies are a result of more elaborate
cognitive strategies used by adults or are learned over time.

A secondary aim is to describe these systematic tendencies in infants,
such that researchers studying infant viewing behavior can control the
in�uence of these tendencies and avoid getting biased results. To explore
the similarities between systematic tendencies in infants and adults
during free scene viewing we will examine the leftward bias, the e�ects
of viewing time and the scanpath dependencies between successive
�xations and saccades. For this last part we will closely follow Tatler &
Vincent (2008) who examined these systematic tendencies in adults.

5.2 Methods

This is an exploratory study in which we re-analyze three data sets
from previous scene viewing studies with infants and adults. The orig-
inal studies examined the horizontal bias (van Renswoude et al., 2016),
the center bias (van Renswoude et al., 2019a) and object familiarity (van
Renswoude et al., 2019c). Throughout this paper we will refer to these
study by these names. The original papers include a detailed description
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Table 5.1 – Number of participants (N), number of trials (n), time per trial in
seconds, total number of �xations (Obs) and the mean age of the infants and
adults in the three studies.

Study Group N n (time per trial) Obs Mean age (sd, min-max)

Center Adults 20 n = 30, (2.5 s) 2368 -
bias Infants 50 n = 30, (2.5 s) 2662 12.25 (4.02, 5.46-20.53)

Horizontal Adults 48 n = 28, (4.0 s) 11092 -
bias Infants 52 n = 28, (4.0 s) 5181 8.99 (3.58, 3.20-15.47)

Object Adults 20 n = 29, (8.0 s) 9672 -
familiarity Infants 55 n = 29, (8.0 s) 11198 9.43 (2.21, 5.93-13.06)

of the participants, materials and procedure, here we provide a brief
description.

5.2.1 Participants

Table 5.1 shows themain descriptives of the participants in the three stud-
ies. A total of 157 infants (M = 9.71month-olds, range = 3.2 - 20.53) and 88
adults (undergraduate psychology students) saw around 30 photographs
of real-world scenes while their eye movements were recorded. All stud-
ies were conducted in accordance with the declaration of Helsinki and
all adult participants and infant caretakers gave their informed consent.

5.2.2 Materials

For the center bias study a total of 30 stimuli were selected with speci�c
requirements for three conditions (i.e. 10 stimuli in each condition).
Stimuli either had saliency distributions biased towards the center, biased
towards the side, or uniformly distributed saliency distributions, see
Figure 5.1 row A. In the original study we manipulated the start position
and our main interest was the �rst saccade. For this re-analysis the �rst
�xation is excluded to limit the e�ect of the manipulation. Another
large di�erence between the center bias study and the other two studies
was the layout of the stimuli. Stimuli were presented overlaid with a
circular aperture to avoid directional biases due to screen dimensions.
In the horizontal bias study 28 stimuli were selected from the labelme
database (Russell, Mihalaş, Heydt, Niebur, & Etienne-Cummings, 2014)
and in the object familiarity study 29 real-world images were selected
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Figure 5.1 – Examples of the stimuli used in the center bias study (row A),
horizontal bias study (row B) and object familiarity study (row C).

from the Object and Semantic Images and Eye-tracking (OSIE) data set
(Xu, Jiang, Wang, Kankanhalli, & Zhao, 2014), for examples see Figure
5.1 row B & C. In these studies the presentation time was 4 and 8 seconds
respectively and stimuli were presented full screen (object familiarity) or
with a black border around the stimuli while maintaining the aspect
ratio of the screen.

5.2.3 Procedure

In all studies, eye movements were recorded using a remote-optics
corneal re�ection eye-tracker (SR EyeLink 1000), with a sampling rate of
500Hz. Visual stimuli were presented on a 17-inch monitor (1280x1024)
in full color extending approximately 34◦ x 27◦ of visual angle. After
participants were properly seated approximately 60 centimeters from
the computer monitor in either a Maxi-Cosi or on their caregiver lap,
lights were dimmed and black curtains were drawn such that only the
stimuli presented on the computer monitor could be seen. Caregivers
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were instructed not to communicate with the infant or to (re)act on the
images presented on the screen. A 5-point calibration scheme was used
in all studies and the experiment began once all calibration point had an
error smaller than 1◦ of visual angle. The center bias and object familiarity
studies started based on a gaze-contingent attention getter between each
trial. If this attention getter was not �xated 5 times in a row, there was an
option to re-calibrate if the attention getter was missed due to drift from
the original calibration. In the horizontal bias study the trials started with
a �xation cross and no re-calibration took place during the experiment.

5.3 Results

5.3.1 Data descriptives

5.3.1.1 Fixations

For all studies the raw data is classi�ed into �xations with the gazepath
R-package (van Renswoude et al., 2018). This method allows to identify
�xations in both infant and adult data by setting individual thresholds
such that noisier data results in more conservative thresholds. Since
infant eye-tracking data is typically noisier than adult eye-tracking data
this method is suitable to compare both groups as the same method can
be used while allowing di�erences within individual. The top row of
Figure 5.2 shows the densities of �xation durations for the infants and
adults in the three studies. There is a clear pattern that �xation durations
are longer in infants than adults.

5.3.1.2 Saccades

The gazepath method is optimized to identify �xations and not saccades.
However, since the goal of this study is to get a better insight in the
characteristics underlying gaze patterns, the saccades are also of interest
as gaze patterns are a series of �xations and saccades. To identify the
saccades the time between consecutive �xations was calculated. In a typ-
ical gaze pattern this is the duration of the saccade, however the period
in between �xations can also re�ect blinks or missing data instead of a
saccade. As saccades typically last between 10 and 90 msec. (cf. Nyström
& Holmqvist, 2010), these values were used as cut-o� values to identify
saccades.

Figure 5.2 shows the densities of �xation durations (row A), the
densities of saccade durations (row B), saccade amplitude (row C) and
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Figure 5.2 – The densities of �xation durations (row A), saccade durations (row
B) and saccade amplitude (row C). The scatter plots on the bottom (row D) show
the relationships between the saccade durations and saccade amplitudes (SA).
All panels show the data of infants and adults, the three columns show the data
of the center bias, horizontal bias and object familiarity study respectively.

their scatter plot (row D) for the infants and adults in the three studies.
There are clear di�erences between the durations of saccades of infant
and adults. Saccades of both adults and infants seems to follow a bi-
modal distribution with modes around 20 and 40 msec., however the
mode around 40 msec. is more prominent in adults whereas the mode
around 20 msec. is more common in infants. These di�erences in the
durations are only to a small extent re�ected in the amplitudes. This
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Figure 5.3 – A schematic scan pattern that shows how the previous (N-1) and
current (N) �xation duration (FD), saccade amplitude (SA), saccade direction
(SD) and change in saccade direction (change SD) are de�ned. The direction
rose on the left shows how the saccade directions can range from 0 to 360 degrees
where saccades to the right are 0 degrees, upward saccades 90 degrees, saccades
to the left 180 degrees and downward saccades 270 degrees. The layout of this
Figure is adapted from Tatler & Vincent (2008).

di�erence may stem from the gazepath method with which the saccades
were identi�ed. The gazepath method sets individual speed thresholds
based on the amount of noise in the data. In the noisier infant data
the thresholds are set higher than in the less noisy adult adult. This
implies that the start of adult saccades is identi�ed earlier than the start
of infant saccades, whereas the end of adult saccades is identi�ed later
than the end of infant saccades. This di�erences in threshold may very
well explain the di�erences in saccade duration between infants and
adults and also explains why this di�erence is almost non-existent for
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the saccade amplitudes. The saccade amplitudes are calculated as the
distance between �xations and those distances are not a�ected by the
di�erent thresholds for infants and adults. It is thus important to be
careful in interpreting these di�erences in saccade durations as they may
very well be a result of the di�erent thresholds. On the other hand, these
small di�erences cannot be completely ignored as they also seem to be
present in the saccade amplitude data, albeit to a much smaller degree.
These di�erences may re�ect some sort of developmental pattern in
which adults are more likely to make larger saccades than infants. This
is in line with �ndings of others comparing infants (Helo et al., 2016)
and children (Helo et al., 2014) with adults during a scene viewing task.

Although the use of individual speed thresholds in the gazepath
method may exaggerate di�erences between infants and adults in sac-
cade durations, the bi-modality of the saccade durations cannot be ex-
plained as a by-product of the saccade identi�cation methods. The
bi-modality of saccade durations in both infants and adults also exists
when the standard Eyelink classi�cation method is used, is reported
by others for scene viewing tasks (Nyström & Holmqvist, 2010), and is
also observed in other experimental tasks in our lab. This bi-modality in
saccade durations may re�ect di�erent processing modes (Unema et al.,
2005) in which scene exploration is focal (resulting in short and small
saccades) or ambient (resulting in long and large saccades). This would
imply that the bi-modality is also present in the saccade amplitude data,
but this is not clearly visible by only looking at the distribution.

5.3.2 Leftward bias

Figure 5.4 shows the histogram of the proportions �rst saccade directions
in the top panels (row A) and the mean x-position of the �xations as
a function of time in the lower panels (row B). For the center bias data
set there is no leftward bias, this can both be seen in the histogram of
proportion in which the saccade directions are evenly distributed as
in the x-position as a function of time where the mean x-position of
both infants and adults’ �xations does not deviate from the center of the
screen (red line). This is a very sensible outcome as the start position
was manipulated in this study, which also explains the wide range of
x-positions at the start of the trial. Therefore it shouldn’t be expected
that there would be a leftward in this data set.

For the horizontal bias data set there is a clear bias in the horizontal
directions as can be seen from the histogram of the proportions, it can
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Figure 5.4 – The top panels (row A) show the saccade directions of the �rst sac-
cade. The bottom panels (row B) shows the mean x-coordinate, the shaded areas
correspond to the 95% con�dence intervals calculated using the Generalized
Additive Models (Hastie & Tibshirani, 1990) method with default values as im-
plemented in the geom_smooth function of the R-package ggplot2 (Wickham,
2009). All panels show the of infants (blue) and adults (yellow).

also be seen that the leftward bias is stronger in adults than infants.
The initial shift of the x-position for adults is to the left, but never really
signi�cantly deviates from the center of the screen (red line). Both infants
and adults seem to have an overall rightward bias for the horizontal bias
data set, which may explain why we didn’t replicate earlier �ndings. The
object familiarity data set does show a very clear leftward bias for adults,
but not for infants in both the histogram of saccade directions and the
x-position. There is bias in adults to target the �rst saccade towards the
(top) left, which results in shift in the x-position of �xations that is also
biased to the left. In infants the direction of initial saccades is muchmore
evenly distributed and as such there is also no overall leftward bias in
the x-position. Overall, the pattern of results in these three studies can
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be taken as evidence that adults have a leftward, but only when the start
position is at the center, whereas infants do not have a leftward bias.

Center bias Horizontal bias Object familiarity

500 1000 1500 2000 2500 0 1000 2000 3000 4000 0 2000 4000 6000 8000
100

200

300

400

500

Time (msec.)

F
ix

at
io

n 
du

ra
tio

n 
(m

se
c.

)

Group

Adults
Infants

A

Center bias Horizontal bias Object familiarity

500 1000 1500 2000 2500 0 1000 2000 3000 4000 0 2000 4000 6000 8000
2

4

6

8

10

Time (msec.)

S
ac

ca
de

 a
m

pl
itu

de
 (

de
gr

ee
s)

Group

Adults
Infants

B

Figure 5.5 – The top panels (row A) show the saccade directions of the �rst sac-
cade. The bottom panels (row B) shows the mean x-coordinate, the shaded areas
correspond to the 95% con�dence intervals calculated using the Generalized
Additive Models (Hastie & Tibshirani, 1990) method with default values as im-
plemented in the geom_smooth function of the R-package ggplot2 (Wickham,
2009). All panels show the of infants (blue) and adults (yellow).

5.3.3 Viewing time

Figure 5.5 shows the e�ect of viewing time on the �xation durations
(row A) and saccade amplitudes (row B). The �xation durations of both
infants and adults show a sharp initial increase after which the �xation
durations stabilizes or keep increasing slightly. For adults these patterns
are in line with earlier studies examining the e�ect of viewing time on
�xation durations (Nuthmann, 2017; Pannasch et al., 2008; Unema et
al., 2005). Infants show a similar pattern as adults, which is a similar
result as reported by Helo et al. (2016) who also compared infants and
adults. They found that �xation durations made early during the trial
were shorter than �xations durationsmade later during the trial for older
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infants (> 9 months) and adults, but there was no di�erence for younger
infants.

The e�ect of viewing time on saccade amplitudes is similar for infants
and adults but without a clear pattern across data sets, see Figure 5.5B.
In the center bias data set there is a sharp initial decrease which is the
result of the manipulated start position after which most saccades were
made towards the center. Afterwards there seems to be a small increase
in saccade amplitudes with viewing time. This is similar to the pattern
found in the horizontal bias data set, which also shows a slight increase,
but in the object familiarity data set there is no e�ect of viewing time on
saccade amplitudes. These mixed results are not in line with a decrease
in saccade amplitude during viewing (Pannasch et al., 2008; Unema et
al., 2005), but are similar to the e�ects Helo et al. (2016) report for both
infants and adults.

5.3.4 Scanpath dependencies

To get a better understanding of the relationship between successive �xa-
tions and saccades we adopt the same method as Tatler & Vincent (2008)
and examine dependencies between the previous (N-1) and current (N)
�xation duration (FD), saccade amplitude (SA), saccade direction (SD)
and change in saccade direction (change SD), see Figure 5.3. This Figure
displays a schematic scan patterns to show how the di�erent variables
are de�ned. In the following sections the dependencies between these
variables are examined.

5.3.4.1 Previous and current saccade amplitudes

Figure 5.6 shows the relationship between successive saccades (rows A
& B) and the histogram of saccade amplitudes for infants and adults.
The top panels (row A) show that infants and adult di�er in their sac-
cadic behavior. In adults large amplitude saccades are more likely to be
followed by a smaller amplitude saccade, whereas infants large ampli-
tude saccades are more likely to also be followed by a larger amplitude
saccade. The �nding in adults are relatively consistent across data sets
(expect for the center bias data) and replicate the relationship reported by
Tatler & Vincent (2008). When the current saccade amplitude is used as
predictor (row B), the relationship between infant and adult successive
saccades looks similar both within and across the di�erent data sets.
There is positive relationship in which small saccades are also preceded
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Figure 5.6 – The top panels (row A) show the previous saccade amplitude
(SAN−1) as a function of the current saccade amplitude (SAN). The middle
panels (row B) show the current saccade amplitude (SAN) as a function of
the previous saccade amplitude (SAN−1). These functions are �tted with 99%
con�dence intervals using the Generalized Additive Models (Hastie & Tibshi-
rani, 1990) method with default values as implemented in the geom_smooth
function of the R-package ggplot2 (Wickham, 2009). The bottom row (C) shows
the densities of the saccade amplitudes for infants (blue) and adults (yellow).

by small saccades, this could indicate periods of local scanning (Unema
et al., 2005) in both infants and adults. For larger saccades there is a trend
in which larger amplitude saccades are preceded by smaller saccades in
adults, replicating earlier work (Tatler & Vincent, 2008). In infants there
is also an initial decline (between 3-8 degree saccades) in which larger
amplitude saccades are preceded by smaller saccades, but for larger
saccades this seems to shift towards a positive relationship.
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Figure 5.7 – The top panels (row A) show the previous �xation duration
(FDN−1) as a function of the current �xation duration (FDN). The middle
panels (row B) shows the current �xation duration (FDN) as a function of
the previous �xation duration (SAN−1). These functions are �tted with 99%
con�dence intervals using the Generalized Additive Models (Hastie & Tibshi-
rani, 1990) method with default values as implemented in the geom_smooth
function of the R-package ggplot2 (Wickham, 2009). The bottom row (C) shows
the densities of the �xation durations for infants (blue) and adults (yellow).

5.3.4.2 Previous and current fixation durations

Figure 5.7 shows the relationship between successive �xations (rows A&
B) and the histogram of �xation durations (row C) for infants and adults.
In adults the overall pattern is very similar between studies. Longer
�xations are more likely to be followed or preceded by longer �xations.
In infants the overall pattern is the same for the horizontal bias and object
familiarity data sets, but there is no in�uence of preceding or successive
�xation duration in the center bias data. Again these results are strikingly
similar to the results reported by Tatler & Vincent (2008).
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Figure 5.8 – The top panels (row A) show the previous saccade amplitude
(SAN−1) as a function of the current �xation duration (FDN). The bottom
panels (row B) show the current saccade amplitude (SAN ) as a function of the
current �xation duration (FDN ). These functions are �tted with 99% con�dence
intervals using the Generalized Additive Models (Hastie & Tibshirani, 1990)
method with default values as implemented in the geom_smooth function of
the R-package ggplot2 (Wickham, 2009).

5.3.4.3 Fixation duration and saccade amplitudes

Figure 5.8 shows the relationship between the current �xation duration
and incoming (row A) and outgoing (row B) saccades. The top panels
(row A) show a very similar pattern for infants and adults across the
di�erent data sets. Except for adults in the center bias data, both infants
and adults show an inverted U-shape relationship between the current
�xation duration and the incoming saccade amplitude. Shorter and
longer �xation durations tend to be preceded by saccades of smaller
amplitude, while �xation durations around 200 msec. in adults and 400
msec. in infants tend to be preceded by saccades of larger amplitude.
These peaks of the inverted U-shape corresponds to the median �xation
durations in both infants and adults. Again the relationship for adults
closely matches the relationship reported by Tatler & Vincent (2008).

The relationship between the current �xation duration and the am-
plitude of the outgoing saccade is somewhat di�erent for both infants
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and adults and across data sets (row B). The 2 most similar patterns
are the patterns of adult in the horizontal bias and object familiarity data
sets. Saccade amplitudes are large after short �xation duration and this
relationship disappears for longer �xation durations. These results are
very much in line with the results reported by others (Tatler & Vincent,
2008; Unema et al., 2005). Do note that they also report a strong positive
relationship for �xations durations shorter than 100milliseconds, thatwe
cannot assess as we only consider �xation durations of 100 milliseconds
and longer. The infants in the object familiarity data set show a similar
pattern as adults, although there seems to be an increase in which longer
�xations tend to be followed by saccades of larger amplitude. This pat-
terns of longer �xations followed by larger saccades is also present for
infants in the other two data sets.

5.3.4.4 Saccade directions

Figure 5.9 shows the relationship between the current saccade direction
and current saccade amplitude (row A) and preceding �xation duration
(row B). The horizontal bias and object familiarity data sets show the typical
horizontal bias for infants and adults, however this bias is not present
in the center bias data set, see Figure 5.9C. A possible explanation is the
layout of stimuli in the center bias study were circular, which is known to
in�uence the bias (Foulsham et al., 2011). In addition, the manipulation
of the start position and the selection of the stimuli in di�erent conditions
most likely has in�uenced the overall horizontal bias.

There is a strong relationship between the saccade direction and
saccade amplitude in both infants and adults (row A). Saccades along
the horizontal axis are longer, followed by downward saccades which
have an intermediate amplitude, while the upward saccades have the
smallest amplitude. Again these �ndings are strikingly similar for both
infants and adults and are verymuch in linewith reports by others (Tatler
& Vincent, 2008). The middle panels (row B) show a similar relationship
between the saccade direction and the preceding �xation duration for
infants and adults. Downward saccades are preceded by shorter �xations,
while upward saccades are preceded by longer �xations, the saccades to
the left and right fall in middle and are preceded by �xations with an
intermediate duration. Interestingly these relationship seems also to be
present in the adult data of the center bias data set, despite the lack of an
overall horizontal bias e�ect. Again this e�ect is also reported by Tatler
& Vincent (2008).
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Figure 5.9 – The top panels (row A) show the current saccade direction (SDN )
as a function of the current saccade amplitude (SAN ). The middle panels (row B)
show the current saccade direction (SDN ) as a function of the previous �xation
duration (FDN−1). These functions are �tted with 99% con�dence intervals
using the Generalized AdditiveModels (Hastie & Tibshirani, 1990) method with
default values as implemented in the geom_smooth function of the R-package
ggplot2 (Wickham, 2009). The bottom panels (row C) shows the densities of
the saccade directions for infants (blue) and adults (yellow).

5.3.4.5 Change in saccade directions

Figure 5.10 shows the relationship between the change in saccade direc-
tion and current �xation duration (rowA) and current saccade amplitude
(row B). All data sets show a remarkable similar pattern for both infants
and adults. Larger changes in saccade direction co-occur with longer
�xation durations (row A) and larger saccade amplitudes (row B). These
�ndings have also been reported by others (Nuthmann, 2017; Tatler &
Vincent, 2008) and thus seem very robust.

119



5. Systematic tendencies

5

Center bias Horizontal bias Object familiarity

0 30 60 90 120 150 180 0 30 60 90 120 150 180 0 30 60 90 120 150 180

300

400

500

Change in Saccade Direction (degrees)

F
D

N
(m

se
c.

)
Group

Adults
Infants

A

Center bias Horizontal bias Object familiarity

0 30 60 90 120 150 180 0 30 60 90 120 150 180 0 30 60 90 120 150 180
2

4

6

8

Change in Saccade Direction (degrees)

S
A

N
(d

eg
re

es
)

Group
Adults
Infants

B

Center bias Horizontal bias Object familiarity

0 30 60 90 120 150 180 0 30 60 90 120 150 180 0 30 60 90 120 150 180
0.000

0.005

0.010

Change in Saccade Direction (degrees)

de
ns

ity Group
Adults
Infants

C

Figure 5.10 – The top panels (row A) show the change in saccade direction
as a function of the current �xation duration (FDN ). The middle panels (row
B) show the change in saccade direction as a function of the current saccade
amplitude (SAN). These functions are �tted with 99% con�dence intervals
using the Generalized AdditiveModels (Hastie & Tibshirani, 1990) method with
default values as implemented in the geom_smooth function of the R-package
ggplot2 (Wickham, 2009). The bottom panels (row C) show the densities of the
change in saccade directions for infants (blue) and adults (yellow).

5.4 Discussion

The main aim of the current study was to investigate the origin of the
systematic tendencies in eye movements over real-world scenes. There-
fore we explored the leftward bias, the e�ects of viewing time and the
scanpath dependencies in both infants and adults. Overall, the results
show that infants have very similar systematic tendencies in their eye
movements as adults. Moreover, the systematic tendencies we found in
adults, almost entirely replicated results reported by others with regard-
ing to the leftward bias (Foulsham et al., 2018; Ossandon et al., 2014),
scanpath dependencies (Nuthmann, 2017; Tatler & Vincent, 2008) and
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viewing time (Helo et al., 2016; Pannasch et al., 2008; Unema et al., 2005).
The results were also very similar across the three data sets, with the
exception of the center bias data set in which the results of the saccade
directions, saccade amplitudes and the leftward bias did di�er from the
other two data sets. These exceptions can be explained by the experimen-
tal setup in which the start position was set away from the center, the
scenes were divided in three categories and the viewing time was only
2.5 seconds. The fact that many systematic tendencies are still present in
this data sets, is another example of the robustness of these tendencies.

The largest di�erence between infants and adults was found with
regard to the leftward bias. This bias is not present in infants, but we did
observe the leftward bias in adults replicating earlier studies (Foulsham
et al., 2018, 2013; Ossandon et al., 2014). Brain asymmetries related to
attentional control are an explanation for the bias (Ossandon et al., 2014),
but the results of this study indicate that reading scanning habits may
also play a role. Ossandon et al. (2014) argued that the reading expla-
nation is less likely as they observed that handedness in�uenced the
leftward bias, which �ts better with the brain asymmetry explanation
than the reading explanation. Moreover, they note that the leftward bias
is also observed in infants and animals looking at faces (Guo, Meints,
Hall, Hall, & Mills, 2009). However, the e�ects of handedness did not
replicate in a recent study (Foulsham et al., 2018) and the current study
does not �nd any leftward bias e�ects in infants. The leftward bias for
faces is frequently reported (e.g., Butler et al., 2005; Everdell, Marsh,
Yurick, Munhall, & Paré, 2007; Phillips & David, 1997) and may be spe-
ci�c to faces due to the right hemisphere dominance in face processing.
In addition, the initial saccade bias observed in the current study is not
straight to the left, but to the left and up, as would be expected if the
leftward bias is a scanning habit learned from reading. Taken together,
it seems plausible that reading may play a role in the leftward bias.

The e�ects of viewing time on �xations durations and saccade am-
plitudes did not completely match with the idea of ambient and focal
processing modes. Unema et al. (2005) theorized that scene viewing is
characterized by an initial ambient mode when the scene is scanned with
short �xations and long saccades, followed by a focal mode with longer
�xations and shorter saccades. Here we did observe the increase in �xa-
tion durations with viewing time (Castelhano et al., 2009; Nuthmann,
2017), but not the decrease of saccade amplitudes over time reported by
others (Pannasch et al., 2008; Unema et al., 2005). However, the e�ects
of saccade durations on viewing time having been also reported to in-
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crease with viewing time (Castelhano & Henderson, 2008; Castelhano et
al., 2009; Helo et al., 2016). The fact that we did observe mixed e�ects
seems to �t in with the mixed results reported in the literature. Given
the pattern of results described in other studies and the current study it
seems unlikely that scene viewing is characterized by an initial ambient
mode, followed by a focal mode. However, ambient and focal modes
may still exists, albeit independent of viewing time.

The e�ects that successive saccades have within scanpaths corrobo-
rate the existence of a focal mode, but not of an ambient mode. Replicat-
ing Tatler &Vincent (2008), we observed that saccades of short amplitude
are often preceded by saccades of short amplitude, but for longer sac-
cades there was no or a minimal e�ect. This observation is in line with a
focal mode in which one region is inspected closely leading to successive
short saccades, but if there would be an ambient mode we would also
have observed a (strong) relationship for longer saccades. For the �xation
duration we did observe that shorter �xation durations are followed by
shorter �xation durations and longer �xation durations are followed by
longer �xation durations. However, this e�ect may also be an artifact
of the �xation durations that increase with time. All in all the e�ects
of successive �xations and saccades are robust across studies and age
groups and seem to suggest that a focal scanning mode exists.

Another remarkable robust �nding is the e�ect of outgoing saccade
direction on �xation durations. Saccades in the upward direction are
preceded by shorter �xation durations than saccades in the horizontal
directions and downward saccades are preceded by the longest �xation
durations (Tatler & Vincent, 2008). Fixation duration are often assumed
to re�ect processing speed (Colombo, 2001; Wass & Smith, 2014), which
is also a common explanation for the (much) longer �xation duration in
infants than in adults (Helo et al., 2016; van Renswoude et al., 2019b).
However, these results suggest that at least a part of the �xation durations
in both infants and adults is in�uenced by similar processes related to
saccade planning. This e�ect can have important implications in more
experimental designs. Researchers using saccadic task, for instance
the gap-overlap task (e.g., Cousijn, Hessels, Van der Stigchel, & Kemner,
2017), anticipation tasks (e.g., Amso&Davidow, 2012) or spatial negative
priming task (e.g., Amso & Johnson, 2005), in which saccadic reaction
times are the dependent variable should be well aware of this e�ect.

The e�ect of saccadic momentum can also be a confounding factor
in experimental studies that rely on saccadic reaction times. Here we
found that �xations between saccades that continue in the same direc-
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tion are shorter than �xations between saccades in which the direction
changes. This is also a robust �nding for both infants and adults, found
across data sets and also reported in adult studies (Nuthmann, 2017;
Tatler & Vincent, 2008). In addition the change of saccade direction also
in�uenced the saccade amplitude, saccades in the same direction are
shorter than saccades in the opposite direction. This e�ect may very
well be an artifact of the �xed scene size: after moving your eyes in one
direction there is simply less scene left to further move your eyes in the
same direction and more space to move in the opposite direction, it is
therefore not surprising that this e�ect is very similar for infants and
adults.

Overall the systematic tendencies described in this study are very
similar for infants and adults. This is quite a remarkable �nding as adult
eye movements are often assumed to be driven by cognitive relevance
(Henderson, 2017; Henderson et al., 2009) and/or more elaborate scan-
ning strategies such as having a ambient and focal mode (Unema et
al., 2005). Moreover, most of the e�ects reported in this study directly
replicate what others report (Foulsham et al., 2018; Nuthmann, 2017;
Tatler & Vincent, 2008; Unema et al., 2005). Given the replication crises
in psychology (Open Science Collaboration, 2015) it is remarkable that
the systematic tendencies reported in this study are robust e�ects that
exist independent of country, lab, age group, eye tracking device, etc.

It is common to use these systematic tendencies to improve mod-
els that predict �xation locations (e.g., Foulsham & Kingstone, 2012;
Le Meur et al., 2017; Tatler & Vincent, 2009). The results presented in
this study can help to further improve these types of models. In ad-
dition to improving prediction, the �ndings of the current study can
help to explain how and when we move our eyes. The systematic tenden-
cies reported in this study can be though of as default tendencies during
free-viewing and set a benchmark for future studies. Studying how we
deviate from these default tendencies as a result of experimental ma-
nipulations may help to understand the processes that underlie our eye
movements. As these tendencies re�ect underlying attentional processes,
further trying to understand and explain these tendencies can help to
move attentional theories forward. As such these default tendencies
can be predicted by models of attentional control in order to explain the
underlying processes. The current study sets a �rst step in showing that
these underlying processes are likely to be very basic, as the observed
tendencies are highly similar for infants and adults.
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Chapter 6
Infant scene perception

ABSTRACT
The foci of visual attention were modeled as a function of perceptual saliency,
adult �xation locations and attentional control mechanisms (measured in sepa-
rate tasks) in infants (N = 45, 3-15-month-olds) as they viewed static real-world
scenes. After controlling for the center bias, the results showed that low-level
perceptual saliency predicts where infants look. In addition, high-level factors
also played a role: Infants �xated parts of the scenes frequently �xated by
adults and this e�ect was stronger for older than younger infants. In line with
this �nding, infant �xation durations were longer on regions more frequently
�xated by adults, implying longer time taken to process the available informa-
tion. Fixation durations decreased with age and this decline interacted with
orienting skills such that �xation durations decreased faster with age for infants
with high orienting skills, relative to infants with low orienting skills. There
was a further interaction between �xation durations and selective attention
abilities: Infants with low selective attention skills showed a decrease of �xa-
tion durations with age, whereas infants with higher selective attention skills
showed a slight increase in �xation durations with age. These �ndings imply
that infant visual processing of static real-world stimuli develops in accord with
attentional control.

This chapter is published as:

van Renswoude, D. R., Visser, I., Raijmakers, M. E. J., Tsang, T., & Johnson, S. P. (2019).
Real-world scene perception in infants: What factors guide attention allocation?
Infancy, 24, 693–717. https://doi.org/10.1111/infa.12308
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6.1 Introduction

Visual attention helps infants to select useful information from their
environments to learn about the world. Targeted visual exploration
may depend on developments in attentional mechanisms (Colombo,
2001) and processing of stimulus-speci�c properties, such as semantic
content, social cues, or perceptual saliency (Frank et al., 2009). Tradi-
tional analyses of gaze patterns often use experimenter-de�ned ‘areas
of interest’ (AOIs), to assess patterns of visual attention to speci�c areas
of the stimulus, re�ecting a priori hypotheses about infants’ attention
to these properties (Gredebäck et al., 2009). Free-viewing methods, in
which observers view unconstrained scenes as their scanning behavior is
recorded, have been used in the past to quantify development of infants’
attention to faces in complex static (Amso et al., 2014; Di Giorgio et
al., 2012; Gliga, Elsabbagh, Andravizou, & Johnson, 2009; Gluckman &
Johnson, 2013; Kwon et al., 2016) and dynamic scenes (Franchak et al.,
2016; Frank et al., 2009, 2012), and to quantify development of �xation
durations in typically-developing infants (Reynolds, Zhang, & Guy, 2013;
Wass & Smith, 2014) and infants at elevated risk for later-developing
autism (Wass et al., 2015). These studies have made vital contributions to
our knowledge of infant social attention, for example evidence for a bias
to orient toward and attend to faces (Leppänen, 2016). Interpretation of
infant visual attention during unconstrained free-viewing tasks, there-
fore, represents an important theoretical opportunity for understanding
perceptual development. However, little is known about infants’ sponta-
neous gaze patterns when viewing static real-world scenes, in particular
how gaze patterns develop in accord with the emergence of attentional
control.

Visual attention is often studied using eye movements. There is a
strong link between the two, because their neural systems overlap (Amso
& Scerif, 2015; Nobre, Gitelman, Dias, & Mesulam, 2000). Selecting infor-
mation is important, because the selected information can be processed
and used for higher order cognition, such as learning, thinking and
memorizing. Attending towards useful information is far from trivial,
because the environment is often complex with many di�erent objects
cluttered together. The goal of the present study is to identify how in-
fants’ attention when viewing complex static real-world scenes develops
into adult like viewing behavior.

In adults, four main factors are known to guide visual attention dur-
ing static scene viewing. First, scene characteristics are known to guide
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eye movements in a low-level way, via perceptual saliency (Itti & Koch,
2000; Itti et al., 1998) and in a high-level way, via objects (Nuthmann
& Henderson, 2010) and expectations (i.e., where things are located
(Torralba et al., 2006) and what things look like (Kanan, Tong, Zhang, &
Cottrell, 2009)). Second, individual di�erences in attentional control are
known to play a role a�ecting, for instance, �xation durations (Castel-
hano&Henderson, 2008; Henderson&Luke, 2014). Third, task demands
(e.g., memorizing or searching) in�uence eye movements (Buswell, 1935;
Castelhano et al., 2009; Yarbus, 1967). Fourth, adults have a strong gen-
eral tendency to �xate at the center of a scene, known as the central bias
(Clarke & Tatler, 2014; Tatler, 2007), and make most saccades in the hori-
zontal directions, known as the horizontal bias (Foulsham & Kingstone,
2010; Foulsham et al., 2008). In analyzing the contribution of cognitive
and perceptual factors it is important to account for these general biases
as they are known to explain a lot of the variance during adults’ static
scene viewing (Tatler &Vincent, 2008, 2009). The present study examines
how scene characteristics and attentional control in�uence infant gaze
behavior during free viewing after controlling for general biases.

6.1.1 Scene characteristics

There are two types of scene characteristics that are extensively studied in
adults: perceptual saliency (i.e., low-level features such as edge content,
color and contrast) and semantic relevance (i.e., objects). Low-level scene
characteristics can be expressed as a perceptual saliency map of the
image (Itti et al., 1998). The ‘saliency-view’ of visual attention (Itti &
Koch, 2000; Itti et al., 1998), in contrast with the ‘object-view’ discussed
below, states that visual attention is driven towards salient regions based
on these low-level properties. Perceptual saliency is known to predict
�xation locations above chance-level in adults (Borji et al., 2013), but
the ‘saliency-view’ has been challenged by the ‘object-view’ as several
studies show that attention allocation can aswell be explained by looking
at objects or semantically relevant characteristics of a scene (Einhäuser
et al., 2008; Nuthmann & Henderson, 2010; Stoll et al., 2015).

The is ample evidence for the ‘object-view’ in adults. Perceptual
saliency has little predictive value for �xation locations above and be-
yond object locations (Einhäuser et al., 2008), but see (Borji et al., 2013).
That is, objects are often perceptually salient and the good performance
of perceptual saliency as a predictor of �xation locations can be explained
by this overlap between perceptual saliency and objects. Moreover, �x-
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ations are known to fall on the center of objects (Foulsham et al., 2013;
Nuthmann & Henderson, 2010; Xu et al., 2014), which is di�cult to ex-
plain from a saliency point of view, as saliencymodels typically highlight
object contours and edges. In addition, it is known that saliency has little
predictive power when task demands are important (Tatler et al., 2011).
In a recent paper Henderson & Hayes (2018) showed that meaning is a
better predictor of where people look than saliency. This is in line with
earlier work showing the importance of meaningful factors such as text
(Wang & Pomplun, 2012) and semantics (Nyström & Holmqvist, 2008).
Taken together, the role of saliency in adult scene viewing is limited and
adult eye movements are more likely to be driven by meaning.

The fact that meaningful information seems to be more important
than perceptual saliency in adults is a reason to expect that infant view-
ing deviates from adult viewing of complex scenes. The development
of infant attention is characterized as a shift from relying on largely
exogenous features (e.g., perceptual saliency) towards relying more on
endogenous features (e.g., knowledge) (Johnson, 1990, 2002). However,
the �ndings in the scene-viewing literature are mixed with regards to the
role saliency plays. For instance, Frank et al. (2009) found that saliency
was a better predictor of attention in younger infants (3-month-olds)
than faces, whereas in older (6- and 9-month-olds) infants faces where
a better predictor than saliency. Yet overall the predictive value of per-
ceptual saliency actually increased with age, which is in line with what
others report as well (e.g., Amso et al., 2014; Franchak et al., 2016). Recent
work examining di�erent saliency-based models of visual attention also
suggests that saliency is a better predictor for adult eye movements than
it is for infant eyemovements (Mahdi et al., 2017). Although infant visual
attentional theory and adult scene viewing studies would predict that
saliency becomes less important as infants get older, the experimental
results actually point in the other direction. These con�icting �ndings
may be explained by the fact that objects are perceptually salient (Elazary
& Itti, 2008). The reported increase of perceptual saliency with age may
actually be an increase in attention towards meaningful objects.

To potentially guide infant eye movements, objects must not only
be meaningful, but infants must at least have su�cient perceptual and
cognitive abilities to select objects in scenes, such as �gure-ground seg-
regation and perception of partly occluded objects as wholes (e.g., object
unity). Infants do have these abilities; they are born with the ability to
achieve �gure-ground segregation (Slater et al., 1990) and object unity
starts to develop between birth and two months and is robust at four
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months (Johnson et al., 2004). A categorical learning study by Althaus &
Mareschal (2012) also provides some evidence that semantically mean-
ingful information can play a role in guiding infant attention. Older
infants (12-month-olds) learned to attend to semantic information (e.g.,
antlers in animal stimuli, diagnostic of category boundaries), whereas
younger infants (4-month-olds) did not learn to use this information.

6.1.2 Variation in attentional control

Subtle di�erences in attentional control occur as a function of task de-
mands; for instance, when adults are performing a search task, �xation
durations are shorter than during free-viewing (Castelhano et al., 2009).
And when searching for a speci�c item, for instance a co�ee mug, �xa-
tions are more likely to fall on tables and cupboards than on �oors and
walls (Henderson, 2017; Torralba et al., 2006). Also when instructions
do not play a role, di�erences in attentional control can be identi�ed
both within and between individuals. Unema et al. (2005) showed that
individual gaze patterns can be characterized by an ambient mode that
allows extraction of global information from the scene and a focal mode
during which local information is processed. These di�erent processing
modes are characterized by di�erent eye movements; the ambient mode
is characterized by short �xation durations and saccades of long ampli-
tude, whereas the focal mode has longer �xation durations and shorter
saccade amplitudes. Between individuals there are also di�erences in
�xation durations (Henderson & Luke, 2014) and saccade amplitude
(Castelhano & Henderson, 2008). Risko et al. (2012) even found a link
between gaze patterns and personality. Individuals that scored higher
on the personality trait ‘openness’ where more likely to scan a greater
proportion of the scenes than individuals with lower openness scores.
How do these individual di�erences in attentional control develop?

Visual attention of infants develops rapidly [Bronson (1990), bron-
son1994, hunnius2004}: 1- to 2-month-old infants often have long �x-
ations, known as sticky �xations. Already at the age of 3- to 4-month
�xation durations decrease (<500 ms) and infants gain more endogenous
control over their eye movements. This decrease of �xation durations
continues until adolescence (Luna et al., 2008) and is also reported in
scene viewing studies with infants (Helo et al., 2016; Wass & Smith, 2014).
Individual di�erences in �xation durations are linked to attentional and
behavioral control in childhood (Papageorgiou et al., 2014). The voluntar-
ily control over eye movements develops hand-in-hand with attentional
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mechanisms (Colombo, 2001). In scene perception, important attentional
mechanisms include spatial orienting (the ability to select an object or
salient region in a scene) and selective attention (the ability to direct visual
attention by the inhibition of irrelevant information).

Spatial orienting can be measured using the classic visual search (VS)
paradigm that requires selecting a target that di�ers on one dimension
(e.g., orientation or color) from an array of identical distractors (Treisman
& Gelade, 1980). Experiments using this paradigm can successfully be
conducted with young infants (Dannemiller, 1998, 2000) and have a good
test-retest reliability (Hessels, Hooge, & Kemner, 2016). Evidence for
development in e�cient visual selection comes from an increase in the
tendency to detect the target across trials with age. Frank et al. (2014)
found that orienting abilities (measured using the VS task) predicted
attention towards faces in 3-month-old infants (but not older infants).

Selective attention is often assessed in a spatial negative priming (SNP)
paradigm. This task consists of two phases: prime and probe. In the prime
phase, two stimuli are brie�y presented, a small animated target and a
static “distractor” considerably less salient than the target. The probe
phase commences after a short delay. The target again appears, either at
the location previously occupied by the distractor, or at a new location
(the distractor is absent during the probe phase). Evidence for e�cient
attentional inhibition comes from lengthened eye movement latencies
towards the target on trials when the target is located at the location
previously occupied by the distractor versus trials when the target is at
a location not previously occupied by the distractor.

In the current study we include measures of orienting abilities and
selective attention in our analyses of infant attention allocation to exam-
ine its predictive value in scene viewing. These measures are unlikely
to directly elicit responses towards speci�c regions in a scene. Instead,
these attentional mechanisms may interact with other predictive factors.
For instance, infants with better orienting skills may be more likely to
attend to saliency information.

6.1.3 General biases

During free viewing, adults tend to focus more on the center than on
peripheral regions of scenes (central bias, Clarke & Tatler, 2014) and
make most saccades in relatively horizontal directions, (horizontal bias,
Foulsham et al., 2008). These biases exist irrespective of the positional
placement of pre-trial �xationmarkers (Foulsham et al., 2008; Tatler et al.,
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2005), presentation in landscape, square or portrait format (Foulsham et
al., 2011) or scene content (Tatler, 2007). These biases have been suggested
to be acquired strategies for maximizing information uptake (Tatler,
2007). They are important in modeling adult eye movements (Foulsham
&Kingstone, 2012) and they predict �xation locations above chance-level
(Tatler & Vincent, 2009). In the previous chapters we saw that infants
also demonstrate the horizontal bias (van Renswoude et al., 2016) and
the central bias (van Renswoude et al., 2019a). This indicates that infants,
similar to adults, are more likely to �xate central locations and locations
along the horizon. These central and horizontal locations are also more
likely to be salient and contain meaningful information (Tatler, 2007).
Therefore, we controlled for the in�uence of these general biases by
adding them as covariate in our analysis.

6.1.4 Current study

The aim of the current study is to understand how scene characteristics
and attentional mechanisms in�uence static real-world scene perception
in infants. We incorporated these factors in a single analysis to assess the
unique contribution of each. These factors are often studied in isolation,
but it is important to assess them simultaneously because there is much
overlap between these di�erent factors. There is a general bias towards
the center of a scene, which is also often the location of meaningful
objects (Tatler, 2007). Furthermore, objects are often perceptually salient
(Einhäuser et al., 2008). The in�uence of all these factors may change
with age (Frank et al., 2009) due to the development of attentional mech-
anisms (Colombo, 2001). Combining all these factors into one model
allows us to account for correlations between the factors and study their
unique e�ects on visual attention in explaining di�erences between
infant and adult viewing during development. To model the foci of
visual attention as a function of scene characteristics and di�erences in
attentional control while accounting for the center bias, we adopted an
approach �rst described by Nuthmann & Einhäuser (2015), see Figure
6.1.

A general linear mixed model (GLMM) was used to assess the in-
�uence of scene characteristics and their interactions with age and at-
tentional control mechanisms, while accounting for the in�uence of the
center bias. Infants freely viewed (FV) a set of natural visual scenes,
which consisted of full-colored photographs. For analysis purposes only,
all sceneswere overlaidwith a 6 by 8 grid (see the leftmost scene in Figure
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(a) General Biases (b) Scene Characteristics

(d) Differences in Attentional Control

Fixation Locations Center Bias Perceptual saliency Adult Fixations

Age VS SNP

||

Age (Months)
2 4 6 8 10 12 14 16

0

2

4

6

8

(c) Age

Figure 6.1 – Schematic representations of the relationship between �xation
locations and factors that guide eye movements. Fixation locations are a func-
tion of (a) general biases, such as the central and horizontal bias, (b) scene
characteristics, such as perceptual saliency and adult �xation locations, (c) age
and (d) di�erences in attentional control, such as orienting skills, and selective
attention. General biases and scene characteristics can have a direct in�uence
on attention allocation, whereas age, orienting skills and selective attention can
in�uence attention in an indirect way.

6.1) to de�ne the variables. The dependent variable �xation location was
operationalized as to whether each grid location was �xated (1) or not
(0) during the presentation of the scene. To de�ne the center bias variable
we generated a saliency map that highlighted the center and horizontal
regions of the scenes (see the upper left panel in Figure 6.1). Perceptual
saliencywas operationalized as the maximal saliency measure in every
patch of the 6 by 8 grid, based on the Itti & Koch (2000) algorithm (see the
upper middle panel in Figure 6.1). We recorded eyemovements of adults
(who bring top-down knowledge of real-world scenes to the task) and
calculated the total number of adult �xations within each patch of the
grid for every scene (see the upper right panel in Figure 6.1). Di�erences
in performance as a function of age were accommodated by using a wide
age range of infants (see the lower left panel in Figure 6.1). Attentional
mechanisms were assessed using the VS (lower middle panel in Figure
6.1) and SNP (lower right panel in Figure 6.1) tasks, respectively.

Although the GLM approach allows us to identify the unique contri-
bution the factors that are important in the location of attention, it does
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Figure 6.2 – Histogram of the age distribution of infants

not incorporate the duration of attention. Because �xation durations also
provide important information, a linear mixed model was �tted with
�xation durations as the dependent variable and center bias, perceptual
saliency, adult �xations locations, age, VS, SNP and the interactions with
age as independent variables.

6.2 Method

6.2.1 Participants

6.2.1.1 Infants

Infant participants were recruited from birth records provided by the
state. A parent or caregiver accompanied infant participants at all times
and was asked not to talk or direct the infant’s attention during stim-
ulus presentation. Forty-�ve infants 3-15 months of age (M age = 8.6
months, SD = 3.4; 17 male, see Figure 6.2) completed all aspects of the
experimental protocol, providing eye-tracking data for the Visual Search
(VS), Spatial Negative Priming (SNP), and Free Viewing (FV) tasks. An
additional 27 infants were observed but excluded from the �nal sample
due to reasons compromising the data quality, such as poor calibration
(n = 16), excessive head or body motion (n = 8), or inattention due to
fussiness or sleepiness (n = 3). All infant participants were full term with
no known developmental di�culties.
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6.2.1.2 Adults

Forty-seven adults (M age = 21.50 years, SD = 4.55; 20 male) provided
eye-tracking data for the FV task. Participants were recruited through
the undergraduate subject pool and were given course credit for partic-
ipating. All participants had corrected to normal vision and were not
colorblind. The data of the adults were used as predictor of the infant
data. The present study was conducted according to Declaration of
Helsinki guidelines, with written informed consent obtained from adult
participants and a parent or guardian for each child before any assess-
ment or data collection. All procedures involving human subjects in this
study were approved by the Institutional Review Board at the University
of California, Los Angeles as part of the project ‘Brain Mechanisms of
Visual Development’.

6.2.2 Stimuli and presentation

6.2.2.1 Free viewing (FV)

Twenty-eight full-color photographs were selected from the LabelMe
database (Russell et al., 2008). The photographs depicted natural scenes
with and without human artifacts, cityscapes including people with
indiscernible faces, or rooms with household items. All photographs but
one were presented in landscape orientation (1024 pixels by 768 pixels);
the other photograph was presented in portrait orientation (576 pixels by
768 pixels). The photographs were centered within the monitor against
a black background. Each photograph was presented for 4 seconds and
an attention-grabbing centering stimulus appeared between trials.

6.2.2.2 Visual search (VS)

The stimuli and procedure for the VS task were similar to those used
previously by Amso & Johnson (2006) and Frank et al. (2014). Twenty-
seven red vertical distractor rods (1.9 x 7.0 cm each, .9◦ x 3.3◦) and one
red target rod were presented against a black background. There were
two types of target rods–a stationary rod oriented 30◦, 60◦, or 90◦ from
vertical, or a moving rod that transversed through 6.5 cm (3.1◦) at 1Hz,
1.5Hz, or 2Hz. A total of 48 trials were presented in random order for
each infant. Trials had a maximum length of 4 seconds, but terminated
if the target rod was �xated for a cumulative total of 100 ms within a
30-pixel radius.
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6.2.2.3 Spatial negative priming (SNP)

The stimuli and procedure for the SNP task were similar to those em-
ployed by Amso & Johnson (2005) and Amso & Johnson (2008). Each
of the 48 trials began with a white cross-shaped grid against a black
background with four possible target locations, and consisted of a prime
and a probe. Primes and probes lasted 2000 ms each and were separated
by an inter stimulus interval of 550 ms. In the prime trials, a target and a
distractor (gray diamond) appeared simultaneously in two di�erent lo-
cations. Targets were randomly selected from a library of small, dynamic
animations with accompanying sounds. This was followed by either
an ignored repetition (IR) or a control probe trial. IR and control trials
di�ered in the location of the target. In the IR trial, the target appeared
in the location previously occupied by the distractor; in the control trial,
the target appeared in a new location. Target and distractor locations
were randomized across trials.

6.2.3 Experimental procedure and apparatus

Eye movements were recorded using a remote-optics corneal re�ection
eye-tracker (SR EyeLink 1000). The eye-tracking system has an average
tracking accuracy of 0.5◦ of visual angle and collected data at 500Hz. Vi-
sual stimuli were presented on a 22-inch ViewSonic VX2268xm monitor
in full color. All participants were individually tested and seated ap-
proximately 60 cm from the monitor. After the participant was properly
situated with respect to the eye-tracking equipment, lights were dimmed
and black curtains were drawn such that only the stimuli presented on
the computer monitor could be seen. The experimenter controlled stim-
ulus presentation and eye-tracking equipment from an adjoining room
but could monitor the participant with video feed from an eye-tracking
camera and a second camera capturing a full-body video of the seated
participant. Prior to beginning experimental procedures, each partici-
pant’s point of gaze was calibrated using a 5-point calibration scheme.
The experiment began once calibration criteria had been reached. The
mean calibration error was 0.89 degrees of visual angle and this error
did not correlate signi�cantly with the age of the infants (r = -0.12, p =
0.435). The infant experimental protocol proceeded in a �xed order (VS,
SNP, and FV) due to the need to use more engaging tasks throughout
the testing session (Frank et al., 2014). The adults were only presented
the images in the FV task.
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Figure 6.3 – Illustration of the method to measure the di�erent variables. The
left part of panel A shows two gaze patterns of two infants and the right part
shows the corresponding dependent variable on the 6x8 grid. Panel B shows
the center bias input and corresponding 6x8 grid. Panel C shows an example
of the perceptual saliency map of a scene and its corresponding values on the
6x8 grid. Panel D shows all adult �xations on a scene and the corresponding
values on the 6x8 grid. In the analysis all variables are scaled to have mean 0
and standard deviation 1.
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6.2.4 Fixation identification

The identi�cation of �xations from infant eye-tracking data is far from
trivial. Infants raw gaze signals are known to be noisy (Wass et al., 2013)
and correlated with outcome measures such as age (Wass et al., 2014).
In order to limit the in�uence of noise, �xations were identi�ed using an
R (R Core Team, 2017) software package gazepath (van Renswoude et al.,
2018) that parses raw eye-tracking data into �xations and saccades. This
R-package is designed to identify �xations in noisy infant data while
accounting for individual di�erences in data quality. To further increase
the reliability of the data, �xations had a minimum duration of 100 ms
and a maximum variance of .6 degrees of visual angle. Only the �xation
data is reported in this chapter, the saccade data from the FV task were
discussed in chapter 3.

6.2.5 Dependent variables

6.2.5.1 Fixation location

To create the dependent variable of �xation locations all scenes were
overlaid with a 6 x 8 grid (each patch 128 x 128 pixels, approximately 4◦
x 4◦ degrees of visual angle)1. For every participant (45) on every trial
(28) every patch (48) of the grid was either �xated (1), when one or more
�xations were identi�ed within that patch or not �xated (0), when no
�xations were identi�ed within that patch. Eye-tracking data pertaining
to the �rst �xation were excluded from data analyses to remove �xation
artifacts from the inter-trial centering stimulus. An illustration of this
procedure can be seen in Figure 6.3A. This �gure shows twogaze patterns
of di�erent infants in the panel at the left and their corresponding �xation
maps in the right panel.

6.2.5.2 Fixation duration

Throughout this paper the term �xation duration refers to the period
between two saccadic eye movements. First �xations of each trial were
excluded from data analyses to remove �xation artifacts from the inter-
trial centering stimulus. Fixation durations showed a typical skewed to
the right distribution, which is common with �xation durations (Helo
et al., 2014; Velichkovsky et al., 2000). To meet the assumptions of the

1for the scene in portrait format the same grid was used making each patch 128 x 64
pixels, approximately 4◦ x 2◦ degrees of visual angle
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linear mixed model, �xations were log-transformed to assure a normal
distribution of the residuals.

6.2.6 Independent variables

6.2.6.1 General biases

The central bias included in the analysis used a saliency map that had
the highest values in the middle, decreasing towards the sides. In order
to also incorporate the horizontal bias, the values decreased more in the
vertical than in the horizontal directions. More speci�cally, we followed
the recommendations of Clarke & Tatler (2014) and used a multivariate
Gaussian probability density function with mean zero and covariance
structure [σ2;0;0;σ2ν], where σ is .17 and ν is .45. The mean values of
this Gaussian probability density function within each grid cell were
used in the model.

6.2.6.2 Perceptual saliency

Visual saliency maps were generated using the algorithm described by
Itti & Koch (2000). This algorithm was chosen as it is known to per-
form reasonably well in predicting infant �xations. Mahdi et al. (2017)
compared several saliency algorithms predicting infant �xations, the
Itti and Koch algorithm came out among the best on several measures.
In addition, the algorithm is biologically plausible: the algorithm aims
to mimic tendency of the visual system, already in place in infants, to
select what stands out as salient. Here we used the python implementa-
tion from https://github.com/akisato-/pySaliencyMap. The generated
saliency maps provide a saliency measure for every pixel. To produce
these saliency maps on the 6x8 grid, the maximal saliency values of
every patch were calculated. Values ranged from 0 (very low perceptual
saliency) to 1 (very high perceptual saliency). Figure 6.3C provides an
example of the procedure. On the left the saliency map is shown and on
the right are the corresponding grid saliency map and numerical values
per patch.

6.2.6.3 Adult fixations

For every patch on the 6x8 grid overlaid on every image the total num-
ber of �xations made by adults was calculated. The most �xated patch
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was �xated 119 times, while the least �xated patch received no �xa-
tions. Figure 6.3D provides an example of the procedure. On the left all
adult �xations over the scene are shown and on the right are shown the
corresponding grid saliency map and numerical values per patch.

6.2.6.4 Visual search

Themeasure of orienting abilities was obtained via the VS task. For every
participant the percentage of trials in which a target rod was �xated
was calculated and served as orienting measure. For the purposes of
our study, we computed a composite accuracy measure for moving and
static targets regardless of speed or orientation. Trials on which there
were no data were omitted from the analysis. Participants contributed an
average of 11.08 out of 24 trials (SD = 4.57 trials) for the static condition
and an average of 19.88 out of 24 trials (SD = 5.17 trials) for the moving
target condition. The mean accuracy score was 0.71, (SD = 0.18, range
= 0.38 - 1), which shows that overall infants performed reasonably well
with enough variation between individual.

6.2.6.5 Spatial negative priming

The measure of selective attention was obtained via the SNP task. For
every participant the mean di�erence between IR and control trials in
latency to �xate on the target during the probe phase of each trial was
calculated and served as the selective attention measure. Data from
individual trials were considered invalid if the infant did not �xate on
the target during the prime presentation, or initiated a saccade prior to
target presentation in probes (e.g., 167 ms before the stimulus appeared).
A positive value indicated inhibition of the attended location, whereas a
negative value indicates a location facilitation e�ect, which is analogous
to an immature response to SNP (Amso & Johnson, 2008). The mean
response time was -35.28 ms, (SD = 167.34, range = -607.81 - 372.09)
and did not signi�cantly deviate from 0 (t(44) = -1.41, p = 0.16). This
implies there was no overall inhibition or facilitation e�ect, but looking
at the range and standard deviation there is a lot of variation between
individuals.

6.2.7 Model specifications

A General Linear Mixed Model and a Linear Mixed Model were used to
analyze the data of �xation locations and durations respectively. Mixed
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models provide some advantages over traditional ANOVA analysis; �rst,
mixed models can account for individual characteristics. No grouping
over scenes or participants is required as both sources of variance (scenes
& participants) are accounted for as random e�ects. Second, by simul-
taneously including all factors in a single analysis, the contribution of
each factor can be made explicit while controlling for the in�uence of
other factors.

Both analyses were conducted using the lme4 package in R. All in-
dependent variables were scaled to have means of zero and standard
deviations of one. We report the beta values, standardized errors, z-
values (for �xation locations) and t-values (for �xation durations) to
determine whether estimates di�er from zero and thus have a signi�cant
impact.

6.2.7.1 Fixation locations

AGLMMwith �xation location during FV as the dependent variable and
the center bias, perceptual saliency, adult �xations, age, VS, and SNP as
independent variables (as well as the interactions between age, VS and
SNP and the other variables) was �tted to the data. The glmer function of
the lme4 package was used with the logit link function. This resulted in a
model with 15 predictor terms (sixmain e�ects & nine interaction e�ects).
All predictors were included as �xed e�ects and scene and participant
where included as random e�ects. For scenes the full random e�ects
structure was �tted; for participants only the random e�ects structure
for the center bias, perceptual saliency, and adult �xation locations was
�tted. This was done in order to have a model that included most of the
random e�ect structure and was still able to converge.

6.2.7.2 Fixation durations

A linear mixed model with �xation durations as dependent variable and
the center bias, perceptual saliency, adult �xations, age, VS, SNP and
the interactions between age, VS and SNP, as independent variables was
�tted using the lmer function of the lme4 package. As in the location
analysis we aimed to �t the full random e�ects structure for scenes
and for participants the random e�ects structure for the center bias,
perceptual saliency, and adult �xation locations. However, this model
turned out to be too complex to converge. In order to be able to �t the
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�xation duration model we set the covariance structure between the
random e�ects at zero. This resulted in a model that did converge.

Table 6.1 – The left part shows the correlations of the independent variables on
the level of the location: center bias (CB), perceptual saliency (PS) and adult
�xations (AF). The right part shows the correlations of the independent variables
on the level of the individual: age, Visual Search (VS), and Spatial Negative
Priming (SNP).

Location (N = 1344) Individual (N = 45)
CB PS AF Age VS SNP

CB - Age -
PS .21** - VS .42* -
AF .72** .32** - SNP .22 .24 -
Note: ** p < .001, * p < .01

Table 6.2 – Beta estimates, standard errors (SE) and z-value for the center bias
(CB), perceptual saliency (PS), adult �xations (AF), age, VS and SNP and
interactions of CB, PS and AF with age, VS and SNP

Fixed E�ects Random E�ects, SD
Beta SE z-value Sig. By-scene By-participant

Intercept -2.760 0.048 -57.389 *** 0.163 0.205
CB 0.337 0.045 7.456 *** 0.205 0.084
PS 0.295 0.047 6.301 *** 0.222 0.058
AF 0.319 0.050 6.324 *** 0.227 0.109
age 0.047 0.043 1.101 0.066
VS -0.058 0.043 -1.360 0.073

SNP -0.022 0.040 -0.564 0.066
CB * age -0.038 0.031 -1.205 0.100
CB * VS 0.058 0.028 2.076 * 0.068

CB * SNP -0.031 0.026 -1.198 0.063
PS * age 0.030 0.024 1.256 0.055
PS * VS 0.016 0.023 0.675 0.040

PS * SNP -0.014 0.022 -0.668 0.044
AF * age 0.149 0.036 4.124 *** 0.121
AF * VS -0.026 0.031 -0.866 0.071

AF * SNP 0.025 0.026 0.965 0.040
Note: *** p < .001, * p < .05
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Figure 6.4 – Plots of the main e�ects for the center bias (CB, left panel), per-
ceptual saliency (middle panel) and adult �xations (right panel). All have a
positive in�uence meaning that central locations, salient locations and adult
�xation locations are more likely to be �xated than less central, less salient and
locations less frequently �xated by adults. The shaded region correspond to
the 95% con�dence intervals and the plotted e�ects are estimated using the
R-package e�ects (Fox, 2003).
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Figure 6.5 – Plot of the interaction e�ects of adult �xations (AF) with age
(left panel) and the center bias (CB) with VS (right panel). For older infants
the relation between adult �xations and �xation location is stronger than for
younger infants, as can be seen from the steeper slopes for older infants. The
interaction e�ect between CB and VS shows that infants who perform well on
the search task make more central �xations than infants with lower search task
scores. The shaded region correspond to the 95% con�dence intervals and the
plotted e�ects are estimated using the R-package e�ects (Fox, 2003). Note that
the di�erent levels are for illustration purposes only, all variables are continuous
in the actual analysis.
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6.3 Results

In total the 45 infants made 6478 �xations on an average of 26.16 out of 28
scenes (SD = 3.13) per person. For all infants (45) and scenes (28) �xation
locations were mapped onto the 6x8 grid, except for the scenes that had
no �xations (83 scenes, 7%). This resulted in a total of 56496 observations
of locations that were �xated (1) or not (0). Over participants and scenes
8 percent of the patches were �xated, which corresponds to 4-5 �xations
per infant per trial.

6.3.1 Fixation locations

A GLMM was �tted to the data, with �xation locations as dependent
variable and center bias (CB), perceptual saliency (PS) and adult �xa-
tions (AF) and their interactions with age, VS and SNP as independent
variables. Table 6.1 shows the correlations between these variables and
Table 6.2 shows the �xed and random e�ects. All three main factors (CB,
PS, and AF) and the intercept have both �xed and random e�ects for
scenes and participants. The other variables only have random e�ects for
scenes, but not for participants (see Methods section). The �xed e�ects
can be interpreted as regression coe�cients in ordinary regression. For
instance, the negative Beta for the intercept implies that most patches
were unlikely to be �xated. This is intuitive as there are only 4-5 �xations
per trial and 64 patches. Positive Beta values indicate that patches were
more likely to be �xated. For instance, the positive Beta value of PS
indicates that more perceptually salient patches were more likely to be
�xated than less perceptually salient patches. The random e�ects re�ect
the variation between individuals and scenes. For every individual and
every scene the e�ects of the predictor variables can di�er. For instance,
�xation locations in some scenes may be better predicted by PS than
�xation locations in other scenes. The same applies for individuals, some
individuals may for instance have a stronger center bias than other indi-
viduals. To model these two sources of variance, regression coe�cients
are estimated for each scene and all individuals. Every random e�ect is
the standard deviation of these regression coe�cients.

6.3.1.1 Main effects

The �xed e�ects in Table 6.2 show that the threemain factors (CB, PS, and
AF) are able to predict �xation locations. Looking at the columns with
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the Beta and z-values it can be seen that CB has the largest e�ect and PS
and AF contribute about equally. To get a better understanding of these
e�ects, Figure 6.4 shows a graphical representation. The three plots of the
main e�ects in Figure 6.4 show the probability of �xations as a function
of CB, PS, and AF. All predictors have a positive in�uence meaning
that central locations, salient locations and adult �xation locations are
more likely to be �xated than less central, less salient and locations
less frequently �xated by adults. The shaded region correspond to the
95% con�dence intervals and the plotted e�ects are estimated using the
R-package e�ects (Fox, 2003).

It is important to note that the e�ects visualized in Figure 6.4 all
make a unique contribution to the model. This is important to consider
since these three predictors do correlate with each other, see Table 6.1. In
the GLMM analysis the relationships between the factors are taken into
account and therefore it can be concluded that both perceptual saliency
and adult �xation can predict infant �xation location above and beyond
the central bias.

6.3.1.2 Interaction effects

Apart from the main e�ects, the analysis also showed two signi�cant
interaction e�ects. The most prominent one is the interaction between
AF and age, given its relatively large Beta and z-value. The left panel of
Figure 6.5 shows the relationship betweenAF and �xation probability for
six di�erent age groups. Note that the age groups are only for illustrative
purposes, in the actual analysis age is a continuous variable. The �gure
clearly shows that older infants have a stronger relationship between
AF and �xation probability than younger infants, as can be seen from
the steeper slopes. In other words, adult �xation locations are a better
predictor for older than for younger infant �xation locations.

The right panel of Figure 6.5 shows the interactions between CB and
VS. This interaction indicates that infants that do well on the search task
have a higher probability to �xate the center regions than infants that
performworse on the search task. In other words, the ability to e�ciently
select information in a visual search task transfers to e�cient looking
behavior in the free viewing task.
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Table 6.3 – Robustness analysis. Beta estimates, standard errors (SE) and
z-value for the center bias (CB), perceptual saliency (PS), adult �xations (AF),
age, VS and SNP and interactions of CB, PS and AF with age, VS and SNP

Fixed E�ects Random E�ects, SD
Beta SE z-value Sig. By-scene By-participant

Intercept -2.705 0.049 -55.110 *** 0.167 0.212
CB 0.348 0.042 8.317 *** 0.184 0.083
PS 0.286 0.046 6.172 *** 0.221 0.048
AF 0.307 0.050 6.157 *** 0.227 0.101
age 0.066 0.043 1.534 0.058
VS -0.044 0.044 -1.000 0.074

SNP -0.017 0.041 -0.407 0.071
CB * age -0.041 0.030 -1.383 0.089
CB * VS 0.039 0.027 1.440 0.058

CB * SNP -0.016 0.027 -0.571 0.077
PS * age 0.032 0.024 1.327 0.068
PS * VS 0.005 0.023 0.215 0.054

PS * SNP -0.014 0.022 -0.656 0.052
AF * age 0.140 0.034 4.065 *** 0.114
AF * VS 0.007 0.029 0.250 0.059

AF * SNP 0.008 0.028 0.275 0.068
Note: *** p < .001, * p < .05

6.3.1.3 Robustness analysis

In order to assess the robustness of the reported e�ects a robustness anal-
ysis was performed. This is important as the use of a grid in the analyses
and the noisy nature of infant eye movements raises methodological
concerns. First, the size of the grid patches is somewhat arbitrary and
the results should not depend on the grid size. However, changing the
grid size also a�ects the power as this would lead to less data when
increasing the grid size and more data when reducing the grid size. In
order to overcome this problem we decided to redo the analysis with
noise added to the �xation locations. By adding noise to the �xation
locations, �xation locations near the borders of patches are likely to fall
in a di�erent patch after adding noise. Importantly this should not a�ect
the results as the results should not depend on the somewhat arbitrarily
chosen patch borders. Second, adding noise also allows to examine to
what extent the results are in�uenced by noise. With infants that are
di�cult to calibrate and infant eye movements that are known to be
noisy (Wass et al., 2014), it is very likely there is di�erence between the
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�xation locations reported by the eye-tracker and the actual �xation lo-
cations. Again the results should not depend on measurement error and
by adding noise we gain insight to what extent the results are in�uenced
by noise.

To perform the robustness analysis random variables with mean
0 and standard deviation of 20 pixels were added to the measured x-
and y-coordinates of the �xation locations. This resulted in a mean dis-
placement of .63 (sd = .33) degrees of visual angle which is similar to
the calibration error. The analysis was redone using the noisy �xation
locations and the results were very similar, see Table 6.3. All main ef-
fects of CB, PS and AF and the interaction between age and AF are still
signi�cant. Only the interaction between CB and VS is no longer signi�-
cant. This implies that the main �ndings are robust and are unlikely to
depend on arbitrarily chosen patch borders and/or measurement error
inevitable in infants.

6.3.1.4 Conclusions: fixation locations

In sum, this analysis showed that both perceptual saliency and adult
�xation locations have unique contributions to prediction of �xation
locations in infants on top of the in�uence of CB. Furthermore, the role
of AF increases with age. These results were con�rmed in a robustness
analysis in which noise was added to the �xation locations to show that
the results are not an artifact of arbitrarily chosen patch borders and/or
measurement error.

6.3.2 Fixation durations

A linear mixed model was �tted to the data, with (log transformed2)
�xation durations during FV as the dependent variable. The independent
variables were CB, PS, AF, age, VS, SNP and the interactions between
CB, PS, AF, VS, SNP and age. Table 6.4 shows the summary statistics.
There were main e�ects for AF and age and there were two interaction
e�ects for age with VS and age with SNP.

2Log transformation of �xation durations was necessary to assure normal distribu-
tion of the residuals; however, the results were similar compared the analysis without
log transformed �xation durations.
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Figure 6.6 – Plot of the main e�ect of age (left panel) and adult �xation locations
(right panel) on �xation durations. The shaded region correspond to the 95%
con�dence intervals and the plotted e�ects are estimated using the R-package
e�ects (Fox, 2003).
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Figure 6.7 – Plot of the main e�ect of age (left panel) and adult �xation locations
(right panel) on �xation durations. The shaded region correspond to the 95%
con�dence intervals and the plotted e�ects are estimated using the R-package
e�ects (Fox, 2003).
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Table 6.4 – Beta estimates, standard errors (SE) and t-value for CB, PS, AF,
age, VS, SNP and the interactions between CB, PS, AF, VS, SNP and age

Fixed E�ects Random E�ects, SD
Beta SE t-value Sig. By-scene By-participant

Intercept 5.912 0.023 252.218 *** 0.040 0.117
CB -0.016 0.012 -1.391 0.028 0.035
PS 0.009 0.008 1.115 0.010 0.000
AF 0.030 0.011 2.847 ** 0.000 0.025
age -0.082 0.023 -3.551 *** 0.016
VS 0.002 0.025 0.077 0.021

SNP -0.009 0.027 -0.340 0.025
SNP * VS -0.014 0.024 -0.584 0.000
age * CB 0.010 0.010 0.964 0.000
age * PS -0.013 0.007 -1.819 0.000
age * AF 0.001 0.010 0.108 0.000
age * VS -0.057 0.027 -2.085 * 0.000

age * SNP 0.074 0.026 2.896 ** 0.000
age * VS * SNP 0.033 0.022 1.485 0.000
Note: *** p < .001, ** p < .01, * p < .05

6.3.2.1 Main effects

Figure 6.6 shows a graphical representation of the signi�cantmain e�ects
in the �xation duration analysis. The left panel shows the main e�ect of
�xation durations that decreased with age. The right panel shows the
main e�ect of �xation durations increasing with adult �xation locations.
That is, at regionsmore frequently �xated by adults the �xation durations
of infants were longer than at regions less frequently �xated by adults.

6.3.2.2 Interaction effects

To visualize the interaction e�ects the VS and SNP variables were split in
six groups. The left panel of Figure 6.7 shows that �xation durations de-
creased more rapidly with age for infants with high scores on the VS task
relative to infants with low scores on the VS task. The right panel shows
that �xation durations of infants that showed an inhibition e�ect on the
SNP task decreased with age, whereas the �xation durations of infants
that did not show the inhibition e�ect on the SNP task increased with
age. Again, it is important to note that these plots serve for interpretation
purposes only and that the actual analysis was done with continuous
variables and not the grouped version that is displayed here.
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6.3.2.3 Conclusions: fixation durations

In sum, the analysis of �xation durations showed that �xation durations
decreased with age as a function of both the VS and SNP tasks. For
infantswith higher orienting skills, �xation durationsweremore strongly
negatively related with age than for infants who had lower orienting
skills. For infants that showed an inhibition e�ect on the SNP task, the
opposite was true. Their �xation durations were uncorrelated with age,
whereas �xation durations of infants that did not show an inhibition
e�ect on the SNP task were negatively related with age.

6.4 Discussion

In this studywe analyzed the foci of infant visual attentionwhen viewing
static real-world scenes as a function of perceptual saliency, adult �xation
locations, age, and attentional mechanisms, while accounting for the
center bias. We showed that all these factors play a role in guiding infant
eye movements. Both perceptual saliency and locations of adult �xations
made unique contributions to attention allocation, after controlling for
the center bias. Age also played an important role; older infants were
more likely to �xate parts of scenes more frequently �xated by adults
relative to younger infants. The analysis of �xation durations showed
that �xations were longer on regions more frequently �xated by adults.
The duration analysis also showed a decrease of �xation durations with
age, an e�ect that was moderated by the orienting and selective attention
skills of infants. Better orienting skills resulted in a stronger decrease of
�xation durationswith age than lower orienting skills. Fixation durations
of infants that showed an inhibition e�ect on the selective attention task
were not correlated with age, whereas infants that did not show an
inhibition e�ect on the selective attention task showed the expected
decrease of �xation durations with age.

As noted, we found that �xation durations decreased with age. This
is in line with �ndings of other studies using similar stimuli (e.g., Wass
& Smith, 2014; Helo et al., 2016) and extends the �ndings of Helo et al.
(2014) and Açık et al. (2010), who found decreasing �xation durations for
children in the age range of 3-10 years. An explanation of this decrease
is that younger infants may need more time to process the available
information in the region they �xate. This explanation is also in line
with the �nding that �xation durationswere longer on regions frequently
�xated by adults. These regions are likely to contain more information
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as adults are known to �xate meaningful objects (Einhäuser et al., 2008;
Nuthmann & Henderson, 2010; Stoll et al., 2015). The prolonged �xation
durations in these regions are likely to re�ect the time needed to process
the available information.

This study provides insight into the where and when of infant at-
tention to static real-world scenes. The analysis of attention allocation
addresses the where and the �xation durations analysis addresses the
when. This distinction is typical in the scene perception literature, as
there are studies examining �xation locations or durations, but almost
never both; exceptions are papers by Tatler et al. (2017) and Einhäuser &
Nuthmann (2016). Since the saliency model of Itti & Koch (2000), many
newer saliency models have been proposed (for a review see, Borji et
al., 2013). These models use scene properties (e.g., contrast, luminance,
edges) to predict which parts of scenes are likely to be �xated. As noted
previously, Mahdi et al. (2017) compared the performance of di�erent
saliency maps in explaining infant attention. Similar to the results of the
present study, they showed that saliency predicts where infants look,
although the e�ects are weaker than in adults. The current study ex-
tends these �ndings by simultaneously controlling for the center bias
and assessing attentional control mechanisms. Saliency has a unique
contribution in driving infant eye movements and this is not entirely an
artifact of the co-occurrence with general biases (Tatler & Vincent, 2008,
2009) or adult �xations. Little is known about how saliency changes
with age, and how di�erent aspects of saliency might interact during
development (see, Rogers, Franklin, & Knoblauch (2018), for analysis
of how infants might combine information distributed along multiple,
distinct dimensions).

Understanding what factors drive infant attention in static real-world
scenes is important because visual attention serves as an important �rst
step for higher order cognition. Regions of scenes that are attended
constitute the information that is processed by infants to shape their
understanding of the world. How infants perceive, learn, and think
about their environment, therefore, is initially shaped by their attention
(Johnson, 2011; Johnson et al., 2004). In turn, understanding the cognitive
processes in the infant mind requires knowing what information is avail-
able to infants for processing. The current study identi�es factors that
guide infant attention over complex, static real-world scenes. Selective
attention and orienting skills are key elements of executive functioning
(Rose, Feldman, Jankowski, & Rossem, 2005) and have predictive value
for cognitive abilities at age 11 (Rose, Feldman, & Jankowski, 2012). Here
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these factors are shown to in�uence information processing and atten-
tion allocation during infant development. Experiments that examine
the interactions between these factors, including social information (e.g.,
Amso et al., 2014; Frank et al., 2014, 2009) and motor activity (cf. Kretch
& Adolph, 2015), and their e�ects on attentional processing are essential
to move developmental theories of attention forward.

The current study used an analysis technique that allowed us to incor-
porate global, local, and individual factors simultaneously. However, the
method is still sub optimal, because two important aspects of eye move-
ments were not incorporated into the GLMM analysis technique: time
and duration. Incorporating �xation durations in the analysis would
make it possible to assess interactions between �xation locations and
durations. In a recent study Einhäuser & Nuthmann (2016) showed that
�xation durations on semantically relevant parts of scenes are longer
than �xation durations on other parts, in line with our �nding that in-
fant �xation durations were longer in regions more frequently �xated by
adults. When locations are �xated may be an important factor to study
as well. For instance, Tatler et al. (2005) showed that �xation locations
diverge over time. That is, early �xation locations after scene onset were
similar between participants and were likely to fall in the center, but over
time �xation locations diverged. Understanding how attention alloca-
tion changes over time is therefore also an important factor to include in
future gaze behavior studies.

Analyzing gaze behavior is complex as there are many possible de-
pendent variables. Fixation locations and durations are the most obvious
ones, but it is also possible to look at more derivative measures such as
the sequence of �xations, the number of �xations, the amplitude and
direction of saccades, etc. Traditional analysis techniques o�er few pos-
sibilities to include multiple correlated dependent variables, although it
is possible using linked linear models. Hohenstein, Matuschek, & Kliegl
(2017), for instance, used this technique to study �xation locations and
durations simultaneously during reading. In the current study we also
used location information in the model of �xation durations. However,
given the complexity of gaze data and the many possible dependent
variables, future studies could bene�t from using computational models
instead of regression techniques. In a computational model the process
hypothesized to generate the data is speci�ed. Behavioral data are then
compared with the data of the model to assess whether the hypothe-
sized process is indeed likely to have generated such data. This implies
that computational models will make certain predictions about what
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to expect under di�erent circumstances, allowing for development and
testing of more sophisticated theories of infant attention.

The �ndings of the current study are important to further develop
and extend computational models meant to explain �xation durations
and locations. Examples of computational models that try to explain �xa-
tion durations during scene viewing are the (C)ontrolled (R)andom-walk
with (I)nhibition for (S)accade (P)lanning (CRISP) model (Nuthmann et
al., 2010) and the (I)nhibitory (C)ontrol with (A)daptive (T)imer (ICAT)
model (Trukenbrod & Engbert, 2014). These models assume that sac-
cades can be explained by two processes. First, saccades are initiated
after random time intervals by an autonomous saccade timer. That is,
saccades are triggered independently of what is being processed. Second,
processing demands can delay saccade initiation and prolong �xation
durations. One of the most consistent �ndings across the scene view-
ing literature is the decrease of �xation durations with age which most
likely re�ects the decrease of processing time as infants grow older. The
computational models such as the ones described above can help to
informwhich processes underlie this decrease (e.g., Urabain, Nuthmann,
Johnson, & Smith, 2017). In addition, these models can be used to in-
form which processes underlie the interactions with �xation locations,
orienting, and selecting skills.

6.5 Conclusion

To sum up, this study describes attention allocation in infants during
unconstrained free-viewing of static real-world scenes. We showed that
both perceptual saliency and adult �xations predict infant attention allo-
cation. In addition, older infants weremore likely to attend scene regions
more frequently �xated by adults compared to younger infants. Further-
more, we showed that processing time increased at regions frequently
�xated by adults, but decreased with age as a function of orienting and
selective attention skills. The results and analyses techniques introduced
here provide an useful framework to further develop and extend theories
of infant visual development when viewing complex, static real-world
scenes.
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Chapter 7
Object familiarity

ABSTRACT
What factors drive infant eye movements over complex real-world scenes? In
the adult free scene viewing literature there is a debate whether the in�uence
of top-down factors (e.g., objects, context) is more important than the in�uence
of bottom-up perceptual saliency. For infants, perceptual saliency is known to
have a large in�uence on attention, but the in�uence of top-down factors such
as familiarity with objects is unknown. In this study we test the preregistered
hypothesis that object familiarity in�uences infant gaze behavior over real-
world scenes. To test this hypothesis, 40 infants (6 - 13-month-olds) freely
viewed 29 scenes from the OSIE (Object and Semantic Images and Eye-tracking)
data set in which objects were labeled. Caregivers were asked to rate the object
familiarity of their infants for all objects displayed in the scenes on a scale from
’never seen’ to ’can name the object’. We assessed the role of object familiarity
on the proportion of �xations, �xation durations, �xation order, and number
of �xations, in addition to the in�uence of the central bias, perceptual saliency
and the size of objects. Instead of the hypothesized direct relationship between
object familiarity and gaze behavior we found that object familiarity interacted
with age in steering gaze behavior. Older infants looked more often and earlier
at familiar objects, whereas younger infants looked more often and earlier at
salient objects. Together these results provide evidence for a development
from more bottom-up towards an increased in�uence of top-down exploration
behavior during free viewing.

This chapter is in preparation:

van Renswoude, D. R., Voorvaart, R. E., van den Berg, L., Raijmakers, M. E. J.*, & Visser,
I.* (2019). Object familiarity in�uences infant gaze control during free scene viewing.
Manuscript in preparation.
* Shared last author
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7.1 Introduction

To learn about the structure and properties of the world, infants select
information from their environments and use that information to iden-
tify objects, categories and, later on, more abstract concepts. Allocating
attention towards meaningful objects in addition to low-level perceptual
saliency is therefore a crucial step in human development. Object-based
attention is a �rst step to develop conceptual knowledge (Mandler, 2000;
Sloutsky, 2010). Hence, infant attention towards objects is a well-studied
phenomenon in the literature. In this study we extend this line of re-
search by focusing on the question howpre-verbal infants attend towards
objects in complex real-world scenes.

A necessary ability for infants to develop conceptual knowledge
about objects is to pay selective attention towards objects in complex
scenes. To do this, a scene must be perceived as containing a collection of
objects. This may seem trivial to us, as we constantly perceive the world
as a collection of objects, but this is a remarkable ability in itself. The
use of �gure-ground segregation, object unity and additional low-level
visual processing allows us to parse the world into an array of objects.
This ability is reported to be present in infants as young as 2,5 months.
For example, numerous studies using partially occluded objects found
that infants are more likely to perceive the occluded objects as a whole,
rather than as the part(s) they actually saw (Baillargeon, 1987; Craton &
Yonas, 1990; Johnson et al., 2004; Spelke, 1990). Hence, already around
the age of 3 months infants have the necessary abilities to see the world
as consisting of objects.

A second necessary condition to develop conceptual knowledge
about objects is the ability to process selected objects and memorize
them. Starting with the classic work from Fantz (1964) researchers have
relied on the visual paired comparison (VPC) task to study infant mem-
ory. In the VPC paradigm two objects are presented side-by-side where
one is the same over trials and the other one is novel each trial. Typically,
infants develop a preference for the novel object indicated by longer
and more looks towards the novel compared to the familiar object. The
rationale for this �nding is that infants encode the current object to form
a mental representation. As long as the infant is able to extract new
information from an object there will be a familiarity preference for that
object, but once the object is processed and there is no new information
to extract this will shift towards a novelty preference for other objects
(Hunter & Ames, 1988). Numerous of experiments using the VPC task
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have demonstrated that infants are capable of forming mental represen-
tations of objects. For instance to show that infants have the capacity to
form perceptual categories (e.g., Quinn, Eimas, & Tarr, 2001; Eimas &
Quinn, 1994).

A drawback of the VPC task to measure memory is the short time
frame over which infants have to keep information in memory. Develop-
ing a preference for a novel object over a familiar one does not require
a long term memory which is necessary to form conceptual categories.
The studies conducted by Rovee-Collier and colleagues (1997, 1999) have
shown that infants do have the capacities to store and retain objects in
long term memory. In these studies infants were typically habituated
with a mobile that was attached with a string to their foot. By kicking
they learned to move the mobile and infants are able to retain this mem-
ory at lab visits weeks and months later. This work shows that infants
are capable of forming long term memories and use these memories to
guide behavior at later occasions.

Selecting and remembering objects are part of what Mandler (2000)
refers to as perceptual categorization. As discussed above infants of only
a few months old already have these capacities. In addition to percep-
tual categories infants also form conceptual categories (Mandler, 2000).
Conceptual categories are based on what objects do and the function
of objects and, as Mandler argues, lay the foundation for language use.
Infants are able to comprehend their �rst words (apart from “mama”,
“papa”; Tinco� & Jusczyk, 1999) around the age of eight to ten months
(Bates, Thal, & Janowsky, 1992; Benedict, 1979). Conceptual categoriza-
tion is known to in�uence visual attention. In a study by Hunnius &
Bekkering (2010) 6 - 12-month-old infants were found to make anticipa-
tory eye movements towards the location of an object that is congruent
with its function. Infants saw videos of people picking up objects (a
phone, cup and hair brush) and bringing them to either the correct (e.g.,
cup to mouth) or wrong location (e.g., phone to mouth). Infants were
more likely to make anticipatory eye movements towards the congruent
location than in-congruent locations. This shows that there is a link
between conceptual object knowledge and looking behavior.

These results are in line with the observation from the adult literature
on scene viewing where objects are known to play an important role in
adult viewing behavior. There is overwhelming psycho-physical and
neurological evidence that objects attract more attention than non-object
regions of scenes (Craft, Schutze, Niebur, & Heydt, 2007; Einhäuser et
al., 2008; Mihalas, Dong, Von Der Heydt, & Niebur, 2011; Nuthmann
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& Henderson, 2010). These �ndings are explained by the semantic
properties of objects. Objects are meaningful and therefore important in
the guidance of eye movements to understand real-world scenes (Luke &
Henderson, 2016). This is very much in line with the ideas of conceptual
categories driving attention as demonstrated by Hunnius & Bekkering
(2010).

7.1.1 Current study

At three months of age, infants have the necessary abilities to select ob-
jects and memorize them forming perceptual categories. In addition, at
the age of six months they are already able to form conceptual categories
that in�uence their visual attention. Most of these results are obtained
within well controlled experiments that often use arti�cial stimuli and in-
fants can only selectively attend towards a few objects or areas of interest.
This contrasts sharply with everyday life where infants can selectively
attend towards many di�erent objects and previous experiences with
these objects vary greatly (Clerkin, Hart, Rehg, Yu, & Smith, 2017). To
increase our understanding of how infants select and process objects
in a more complex environment we use real-world scenes in which the
number of possible objects to select from is larger and previous experi-
ence with similar objects is not under direct experimental control, but
instead measured by parent reports.

Given the overwhelming evidence that objects are important in adult
scene perception and the ability of infants to perceive the world as con-
sisting of objects at a very early age, we hypothesized that objects are
important in infant scene perception. Speci�cally, we derived four hy-
potheses, which we preregistered at the Open Science Framework1, two
regarding the selection of objects in scenes and two regarding the pro-
cessing of objects in scenes. The distribution of �xation locations within
objects is also assessed.

7.1.1.1 Selection

Given the known abilities infants have to attend towards objects and the
importance of objects in adult scene viewing we hypothesized that more
object familiarity will increase the likelihood to select an object in a scene.
In addition, we also hypothesized that there is a relationship between
the order in which objects are seen and familiarity. Speci�cally, more

1https://osf.io/atyra
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familiarity with objects would lead to attention towards these objects
early after the scene onset and hence less familiar objects will be attended
relatively later during presentation.

7.1.1.2 Processing

After the objects are selected they are being processed. This processing
is operationalized as the �xation duration which re�ects visual and
perceptual processing (Henderson, 2003). In addition, objects can also
be (re-)�xated multiple times during scene viewing and this number of
�xations is also taken as an indication of processing time.

Regarding the �xation duration, we hypothesized an inverted U-
shape distribution in which objects with which infants have either little
or a lot of experience have shorter �xation durations than the objects with
which infants are somewhat familiar. This hypothesis is in line with the
ideas proposed by Hunter & Ames (1988) and is more recently re�ned
by Kidd et al. (2012). The theory states that infants prefer to process
stimuli of intermediate complexity level, as too simple and too complex
stimuli are a waste of valuable resources. We expected that objects with
which infants are familiar are easy to process as infants have a mental
representation of these objects and re-familiarization will quickly take
place (Kidd et al., 2012). Therefore, these objects are expected to receive
few and short �xations. For the unfamiliar objects, on the other hand, no
mental representation is available and it would be di�cult to recognize
them. These objects are assumed to be too complex to process and are
thus expected to receive few and short �xations. The objects with which
the infants are somewhat familiar, but not familiar enough to map to a
mental representation directly and process quickly, are hypothesized to
take the most processing e�ort resulting in more and longer �xations.

7.1.1.3 Fixations within objects

Finally, it is expected that most �xations will fall on the objects but not
necessarily in the center. Speci�cally, we hypothesized that �xation
locations within the object will change as a function of age. If attention
of younger infants is mostly driven by bottom-up saliency (Frank et
al., 2009), and attention of older infants is more elaborate and object
based, we expect to see a �xation location distribution biased to the
outline of objects for younger infants and a more central �xation location
distribution within objects for older infants.
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7.2 Methods

7.2.1 Participants

Forty infants (M � 9.3 months, SD � 2.15) participated in the study.
Another 7 infants were also tested, but their data were excluded due to
inability to calibrate (n = 4) and lack of data (n = 3). The participants were
recruited via municipal information letters that were sent out to parents
of young infants in the area of Amsterdam, the Netherlands. The study
was approved by the ethical committee of the University of Amsterdam
and conducted in accordance with the declaration of Helsinki. All infant
caretakers gave their informed consent. Infants were eligible for the
study when they were (a) between six and twelve months old, (b) born in
the Netherlands, (c) being raised to speak Dutch, provided that at least
one of the parents spoke �uent Dutch, and (d) healthy (i.e., no known de-
velopmental or physical problems). Participants were compensated with
a gift in the form of a children’s book and a ‘baby researcher’ diploma.

7.2.2 Material

7.2.2.1 Stimuli

Twenty-nine real-world images were selected from the Object and Se-
mantic Images and Eye-tracking (OSIE) data set (Xu et al., 2014). To
prevent attentional biases for human faces (Frank et al., 2009) and an-
imals (Tipples, Young, Quinlan, Broks, & Ellis, 2002) scenes did not
display humans and/or animals. All scenes were indoor scenes with
four or more objects, this ensured that scenes were somewhat similar
and every scene contained enough objects to look at. The objects in the
scenes were easy to disentangle as separate objects. Finally, all scenes
were of ‘good’ quality (i.e., not out of focus, blurred, too dark, or of low
quality otherwise).

All 700 scenes in the OSIE data set were evaluated and �ltered on the
above criteria by two independent researchers. This independent scene
selection, brought forth 20matching scenes. The remaining 9 sceneswere
selected in collaboration by the two researchers. All depicted objects (N
= 251) in the scenes were labeled with a one or two word description.
For 30 of the 251 objects (12%) the researchers could not agree on a label
or were unable to label an object altogether. These ‘unde�ned’ objects
were not used in the analyses.

158



7.2. Methods

7

7.2.2.2 Object questionaire

The object familiarity of infants was determined with a questionnaire
thatwas inspired by theDutch version of theMacArthur Communicative
Development Inventory (M-CDI) (Zink & Lejaegere, 2007). We speci�-
cally chose not to use the M-CDI as it did not provide us with the exact
measures we were interested in. That is, the words in the M-CDI do not
match all objects in the scenes, the M-CDI only allows binary responses;
an infant knows a word or not and the M-CDI requires infants to be at
least nine months old, whereas we are also interested in a younger age
range. In order to overcome these problems we designed a questionnaire
to measure the speci�c object familiarity of the objects that appear in the
stimuli of this study.

For all unique objects2 (n = 105) in the 29 selected images the caregiver
was presented with the object label (not a picture of the object) and
asked the following question: “If your baby is asked to look at/grasp
for/search for ‘an object label’ - independent of the time or location -,
what kind of knowledge does your child have of this object?”. Responses
were given on a six-point scale: (1) “My child has never seen the object
before”, (2) “My child has seen the object at least once”, (3) “My child
has held/touched the object at least once”, (4) “My child has knowledge
about the function of the object”, (5) “My child can indicate where the
object is when asked for it”, and (6) “My child has and uses a consistent
word for the object”. The scale re�ects how object familiarity is likely to
develop. That is, in order to touch an object you must have seen it and in
order to point or grasp an object when asked to do so some knowledge
of what must be grabbed or pointed at is needed. This makes it possible
to understand how object familiarity develops in more detail and allows
to study younger infants as earlier levels of interaction with objects are
included than in a verbal measure alone.

7.2.3 Procedure

The current study was the third experiment in a series of four short
experimental studies that were conducted in a �xed order. Before the
experiment participant caregivers were informed about all studies and
signed the informed consent. Participants were seated in a Maxi-Cosi
approximately 60 centimeters from the computer monitor. Directly be-

2Objects with the same label can appear multiple times in one scene or in di�erent
scenes
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sides the Maxi-Cosi caregivers were seated such they were outside the
infant’s visual scope, reducing the possibility of distracting the infant.
Additionally, the caregiver was instructed not to communicate with the
infant or to (re)act on the images presented on the screen.

Eye movements were recorded using a remote-optics corneal re�ec-
tion eye-tracker (SR EyeLink 1000). The eye-tracking system collected
data at 500Hz. Visual stimuli were presented on a 17-inch monitor in
full color extending approximately 34◦ x 27◦ of visual angle. After the
participant was properly seated, lights were dimmed and black curtains
were drawn such that only the stimuli presented on the computer moni-
tor could be seen. Each participant’s point of gaze was calibrated using
a 5-point calibration scheme. The experiment began once all calibration
point had an error smaller than 1◦ of visual angle.

Every trial started with a moving attention-getter cartoon in the mid-
dle of the screen accompanied by a sound to direct the infants’ attention.
Once the infant looked at the cartoon for at least 100 msec. the stimuli
would appear. If the attention-getter failed to grab the infants’ attention
a new attention-getter would be presented after 2 seconds. After failing
to look at 5 attention-getters in a row the presentation software would go
back to the calibration mode and the test leader would decide whether a
re-calibration or other adjustments were necessary (e.g., modify seating
position in the car or take a break). After any adjustments the experiment
would continue where it was interrupted. Using this gaze contingent
setup we were able to correct for drift when necessary and ensured
attention on most trials such data loss was limited.

After the experiment, the caregiver �lled out the object familiarity
questionnaire on a laptop computer. The questionnairewas implemented
as Google form. Afterwards the caregiver was debriefed and the infant
received a book and diploma to thank them for participating. The total
procedure of the test battery took about 20minutes (5minutes for the free-
viewing task reported in this study), the whole visit took approximately
an hour.

7.2.4 Data analysis

7.2.4.1 Dependent variables

The four di�erent dependent variables were operationalized as follows:
for every object in every scene it was determined whether that object was
�xated or not �xated. This led to the �rst (binary) dependent variable
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object �xations (FIX). For the subset of objects that were �xated the other
dependent variables were de�ned as follows: the rank order of which
�xation from the sequence of �xations fell on the object determines
the order of �xations (SEQ). For instance, if an infant �rst looked at the
chair, than at the background and afterwards at the table, the chair
has �xation order 1 and the table has �xation order 3. For each �xated
object, the duration of the �rst �xation is taken as the �xation duration
(DUR) measure. In the above example, if the infant would look back
at the chair, the duration of the �rst �xation on the chair would be
the �xation duration. Similarly if the infant would re-�xate the table
only the duration of the �rst �xation on the table would be taken as
the �xation duration measure. Finally, the number of �xations on each
object regardless of order is counted and taken as the number of �xations
(NFX) variable.

7.2.4.2 Control variables

There were three variables on the object level that were controlled for:
(1) object size, (2) object centrality and (3) object saliency. The object size was
de�ned as the proportion of the scene that was covered by the object. The
smallest object covered only 0.03% of the scene whereas the largest object
object covered 29.27% of the scene, most objects were relatively small
with the average object covering 4.13% of the scene. Object centrality
was de�ned as the distance in pixels from the object center to the center
of the scene. These distances were approximately normal distributed
(M � 219.13, SD � 219.13). The object saliency was de�ned by taking the
mean of the 10% pixels with the highest saliency values in each object.
This procedure provided a sensible trade-o� between either taking the
maximum saliency value in each object or taking the mean value over
all pixels. The algorithm of Itti and Koch (1998) was used to generate
the saliency maps, this algorithm is known to predict infant �xation
location relatively well (Mahdi et al., 2017) and is therefore a reasonable
choice. The �nal control variable was the age of the infants, in order to
ensure an age-range in which infants are likely to have some experience
with objects, but are unlikely to be very familiar with them we selected
infants between 6 and 13 months old.
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7.2.5 Object familiarity

Object familiarity scores ranged from 1-5, most objects (35%) fell in the
�rst category “never seen before”. Fewer objects were “seen at least once”
(29%) and “held/touched” (25%). The last two categories “knowledge
about the function” (10%) and “able to indicate where the object is when
asked for it” (1%) were the least common. None of infant caregivers
indicated that their infant used a word for any of the objects, therefore
there were no response in the sixth and last category. As expected
the object familiarity scores correlated with age (r = 0.5650957, t(38) =
4.2222753, p < .001), older infants were more familiar with objects than
younger infants.

7.2.6 Preregistered models

The data analysis is split into a con�rmatory and exploratory part. The
four con�rmatory analyses were preregistered at the Open Science
Framework (Spies et al., 2012) and test the in�uence of object familiarity
on (1) object �xations, (2) the order of object �xation, (3) the duration
of object �xations and (4) the number of object �xations during free
scene viewing. To capture the variance of both participants and scenes,
mixed models are �tted with random intercepts for both scenes and
participants. The two models that tested the object selection hypotheses
were speci�ed as follows:

FIX ~ Centrality + Size + saliency + Familiarity +
Age + Centrality*Size + Size*saliency +
Familiarity*Age + (1 | Participant) + (1 | Scene)

SEQ ~ Centrality + Size + saliency + Familiarity +
Age + Centrality*Size + Size*saliency +
Familiarity*Age + (1 | Participant) + (1 | Scene)

The twomodels that tested the object processing hypotheses included
the quadratic term for object familiarity and were speci�ed as follows:

DUR ~ Centrality + Size + saliency + Familiarity +
Age + Familiarity^2 + Centrality*Size +
Size*saliency + Familiarity*Age +
(1 | Participant) + (1 | Scene)
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Figure 7.1 – The left panel shows the interaction between object familiarity and
age on the order of �xations. Younger infants are more likely to �xate unfamiliar
earlier than familiar objects, whereas older infants show the opposite pattern and
are more likely to �xate familiar objects earlier than unfamiliar objects. The right
panel shows the interaction between object familiarity and age on the number
of �xations. Younger infants re-�xate unfamiliar objects more often, but that
e�ects disappears for older infants.

NFX ~ Centrality + Size + saliency + Familiarity +
Age + Familiarity^2 + Centrality*Size +
Size*saliency + Familiarity*Age +
(1 | Participant) + (1 | Scene)

7.3 Results

7.3.1 Confirmatory analyses

Table 7.1 shows the four preregistered models that tested the con�rma-
tory hypotheses. contrary to our expectations none of the speci�cally
hypothesized in�uences of object familiarity was signi�cant. That is,
object familiarity did not predict the proportion of �xations nor the
sequence of �xations and there was no inverted U-shape relationship
between object familiarity and �xation duration and the number of �x-
ations. Although this was unexpected there were some other notable
e�ects as well. The control variables all have a large in�uence on the
proportion, sequence and number of �xations. That is, larger, centrally
located and perceptually salient objects are more likely to be �xated, are
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Figure 7.2 – The left panel shows the interaction between object saliency and
age on the order of �xations. Younger infants are more likely to �xate salient
objects earlier than less salient objects and this e�ect disappears with age. The
right panel shows the interaction between object saliency and age on the number
of �xations. All infants re-�xate salient objects more often and this e�ect is
stronger for younger than older infants.

�xated earlier and more often than smaller, less centrally located and
less salient objects. Importantly, the models of �xation order (SEQ) and
number of �xations (NFX) do show an e�ect of object familiarity, albeit in
interaction with age. This implies that object familiarity does in�uence
infant gaze behavior, but di�erently for infants of di�erent ages.

Figure 7.1 shows the interactions between object familiarity and age
for both the order and number of �xations. As can be seen in the left
panel, younger infants are more likely to �xate unfamiliar objects earlier
than familiar objects, whereas older infants show the opposite pattern
and are more likely to �xate familiar objects earlier than unfamiliar ob-
jects. The right panel shows that younger infants re-�xate unfamiliar
objects more often, but that e�ects disappears for older infants. Together
these e�ects show that object familiarity seems to get increasingly impor-
tant with age. This raised the question whether this increasing e�ect of
object familiarity may go hand in hand with a decreasing e�ect of object
saliency.

7.3.2 Exploratory analyses

To test if the in�uence of object saliency decreased with age we re-�tted
the models of �xation order and number of �xations with the interaction
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between age and perceptual saliency. Both the interaction between age
and perceptual saliency were signi�cant for the order of �xations (β
= 0.034, SE(β) = 0.009, z = 3.566, p < .001) and the number of �xations
(β = -0.029, SE(β) = 0.012, z = -2.347, p = 0.019). Figure 7.2 shows the
interactions between perceptual saliency and age for both the order and
number of �xations. As can be seen in the left panel, younger infants
are more likely to �xate salient objects earlier than non-salient objects,
whereas this e�ect is weaker for older infants. The right panel shows
that younger infants re-�xate salient objects more often, but this e�ect
also gets smaller for older infants. Together these e�ects show that the
in�uence of object saliency decreases with age. This is in line with the
hypothesis that infant attention develops from primarily driven by low-
level features such as saliency towards higher order features such as
familiarity and knowledge.

7.3.3 Fixation location within objects

To test whether older infants have �xations that are more centrally lo-
cated within objects, the normalized distance of all �xations on objects
towards the object center was calculated. Figure 7.3 shows the normal-
ized distance from the object center and the relation with age. As can be
seen, most �xations fell close to the center, but there was no relationship
with age. There is no evidence of a developmental e�ect in which older
infants are able to attend towards more central parts of objects than
younger infants. The overall is pattern is similar for infants of all ages
and seems to be of a similar magnitude as the e�ects reported in adults
(e.g., Foulsham et al., 2013; Nuthmann & Henderson, 2010; Xu et al.,
2014).

7.4 Discussion

This study found evidence for the hypothesis that infant gaze behavior
over static real-world scenes is in�uenced by object familiarity. Older
infants select familiar objects earlier during the exploration of the scene
than younger infants, whereas younger infants select salient objects
earlier than older infants. In addition, the number of times an object is
selected is also a function of age. Younger infants have fewer re-visits on
familiar objects than older infants, whereas there is no di�erence between
older and younger infants in the number of times unfamiliar objects are
selected. Perceptually salient objects are selected more often than less
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Figure 7.3 – The left panel shows the 2d density of the normalized x and y
�xation locations within objects. The middle panel shows the histogram of the
normalized distances from the center for all �xations within objects. The right
panel shows that these distances do not correlate with age, that is objects are not
�xated more centrally by older than younger infants.

salient objects and this e�ect is stronger for younger than older infants.
These results �t within the theory that visual attention develops as a
transition from being more exogenous driven towards more endogenous
driven (Johnson, 1990, 2002). In line with this theory, older infants were
able to shift their attention voluntarily and intentionally as a function
of their further developed familiarity with objects (Cohen et al., 2002;
Johnson et al., 2004). Overall, objects play an important role in the gaze
behavior of infants over real-world scenes, most �xations fall on objects
and �xations within objects are distributed around the object center,
rather than the (typically more salient) edges and outlines of objects.
This implies that infants use objects to guide there gaze behavior over
real-world scenes.

Although the general conclusions of this study are in linewith the pre-
registered hypotheses, there are reasons to be cautiouswhen interpreting
these �ndings. Importantly, the four preregistered beta coe�cients to test
the hypotheses were non-signi�cant. This could be a reason to abandon
further analyses; however, the preregistered models that were used for
testing these hypotheses did contain interaction e�ects between object
familiarity and age, which were signi�cant. These interactions with age
were included in the models before data collection started because it
was the expected that older infants are more familiar with objects than
younger infants. After seeing the data this indeed seems to be the case.

Two possible reasons that the data were not in line with the prereg-
istered hypotheses are the mixed �ndings in the infant literature and
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di�erences in the dependent measures. Although there is a clear the-
ory that infant looking behavior develops from a familiarity preference
towards a novelty preference, the �ndings in the literature are often
mixed. For instance, both familiarity and novelty preferences are taken
as indication that infants can discriminate between categories in cate-
gorical learning studies. This makes it di�cult to hypothesize what will
happen in the next study as both novelty and familiarity preferences are
accepted outcomes. The second reason is that the dependentmeasures in
the current study were di�erent than commonly used measures in other
studies. In the current study we used proportion of �xations on objects
and for each object the number of �xations, the order of �xations and
the duration of the �rst �xation. Although these measures are related to
how infants select and process information from scenes, these measure
are typically not used. Often more coarse measures such as, dwell-time
(the combined duration of �xations on an object) or probability of look-
ing away (Kidd et al., 2012) are used. The more �ne-grained measures
used in the current study have the potential to provide a more accurate
description of the looking behavior, however the fact that these measures
are not commonly used made it di�cult to formulate exact hypotheses
which may explain why pre-registered �ndings were not in line with
the data.

The fact that we did preregister the hypotheses in a very strict man-
ner, by specifying the exact analyses before data collection began, now
allows us to interpret these results. Had we only speci�ed our hypothe-
ses upfront, then there still would have been multiple ways to test the
hypotheses. In fact, the number of ways in which the data can be pre-
processed and aggregated in order to test the hypotheses can lead to a
very large number of possible analyses (Simmons et al., 2011). In that
scenario we would have run the risk of specifying some models based
on the data already at hand and reaching our hypothesized conclusion
without realizing our expectations were actually slightly di�erent. By
specifying the models to test the hypotheses upfront, as we did here, we
can exactly identify how our hypotheses di�er from the data. Although
we arewell aware that this relationship between gaze behavior and object
familiarity is di�erent than we initially expected, we can still be fairly
con�dent that the two signi�cant interaction e�ects are enough in line
with our overall hypotheses to safely interpret.

The fact that we found interaction e�ects between object familiarity
and age, but no direct e�ects of object familiarity may imply that the
e�ect of familiarity is di�erent for infants of di�erent ages. This could
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be a result of the lack of variance regarding object familiarity within
the younger infants. Most young infants were unfamiliar with most
objects and as such there were little individual di�erences in familiarity
and thus little predictive power. For older infants there was more varia-
tion in familiarity scores which may have led to e�ects of familiarity in
interaction with age rather than direct e�ects.

Although we did �nd developmental e�ects in the order and num-
ber of �xations, developmental e�ects were not present regarding the
�xation locations within objects. Typically the outline of an object is one
of the most salient parts of the object. If infant attention over real-world
scenes is developing from more bottom-up saliency-based looking to
top-down object-based looking we would also expect to �nd distribu-
tions of �xation locations within objects that are congruent with this
development. That is, younger infants would be more likely to �xate
the outline of objects, whereas older infants would be more likely to
�xate the center. However, the results did not show this developmental
pattern which may imply that there is no (strong) shift from bottom-up
towards top-down attention. A more likely interpretation is that an opti-
mal �xation location within objects is not necessarily a good indicator of
top-down attention. More likely, this optimal viewing position around
the center of objects can be explained by the di�erence between low-level
and high-level saliency. Typically, saliency is associated with low-level
features such as contrast, color and orientation, but saliency can also be
de�ned based on high-level features. For instance, Gestalt principles can
be used to integrate lower-level saliency information into proto-objects
(Russell et al., 2014). Given the importance that objects are known to play
in guiding adult eye movements (Nuthmann & Henderson, 2010; Stoll et
al., 2015) and the fact that infants distributed their attention in a similar
manner, it seems likely that these higher-level features play an important
role in guiding eyemovements of both infants and adults over real-world
scenes (Schütt, Rothkegel, Trukenbrod, Engbert, & Wichmann, 2019).

The �nding that prior knowledge of infants plays a role in guiding
their attention is in line with prior studies. For instance the studies
showing that infants that grow upwith a cat or dog showmore elaborate
attention towards images of other cats and dogs by focusing more on
informative regions such as the head (Hurley, Kovack-Lesh, & Oakes,
2010; Hurley & Oakes, 2015; Kovack-Lesh, McMurray, & Oakes, 2014).
Here we found a similar in�uence of prior knowledge with objects in
more complex scenes: familiar objects attract attention earlier and more
often than unfamiliar objects. This is also in line with recent work in the
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adult literature of Henderson & Hayes (2018) who showed that meaning,
rather than saliency, is the main driver of adult attention. The current
study shows that the foundation of meaning-based attention already
starts to develop in the �rst year of life.

7.5 Conclusion

In a preregistered experiment, we found that prior knowledge of objects
in�uences infant attention distribution over real-world scenes. This
attention towards objects goes at the cost of attention to low-level saliency,
which implies a developmental pattern inwhichmeaningful information
becomes a stronger driver of location selection as infants get older.
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Chapter 8
Object perception

ABSTRACT
What factors drive infant and adult gaze behavior over complex real-world
scenes? In adults, attention selection is object based; saccades are targeted
towards objects, �xations fall around the center of objects and are longer on
objects than on the background. This study shows that infants (6 - 13-month-
olds) also �xate objects in the center and have longer �xation durations on
objects than on the background. Moreover, both infants and adults show an
inverted optimal viewing position (IOVP) e�ect in which �xations closer to
the center are longer than �xations in the periphery of the object. In addition,
there are preferred landing locations for saccades towards objects. Horizontal
saccades typically land short of the object center while these undershoots are
less prominent for the vertical directions. within-object saccades are targeted
towards the center for both infants and adults. Overall, we conclude that infants
show similar tendencies as adults when �xating objects. These results challenge
the cognitive relevance theory which states that meaning and knowledge are
the primary drivers of attention selection. As most objects are unfamiliar to the
infants the most natural conclusion seems that infant and adult object selection
is driven by similar underlying low-level processes.

This chapter is in revision:

van Renswoude, D. R., Visser, I.*, & Raijmakers, M. E. J.*, (2019). Object-based attention
in infants and adults during free scene viewing. Vision Research, Manuscript in
revision.
* Shared last author
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8.1 Introduction

When looking at a real-world scene we move our eyes approximately
three times every second to bring a new location to the foveal region of
the visual �eld (Rayner, 2009). These saccades are important as the acuity
is highest in the fovea and this allows us to extract most information dur-
ing �xations, the periods in between saccades when the eye is relatively
stable (Henderson, 2003; Rayner, 2009). How to select a new �xation lo-
cation is thus an important decision as the amount of information we can
extract is necessarily limited. How we resolve this problem and decide
when and where to move our eyes has been studied extensively in the
past decades. However, a consensus on which mechanisms underlie our
eye-movements is far from reached. The two main theoretical accounts
that propose mechanisms that drive our attention are the visual saliency
account and cognitive relevance account. The visual saliency account (Borji
et al., 2013; Itti & Koch, 2000; Itti et al., 1998) states that our attention is
pulled towards scene regions that are salient based on low-level image
characteristics, whereas the cognitive relevance account proposes that at-
tention is mainly driven towards meaningful regions of the scene based
on knowledge structures encoded in memory (Henderson, 2017; Hen-
derson & Hollingworth, 1999). Disentangling these theories is di�cult
as the meaningful regions of a scene often overlap with visual salient
regions (Elazary & Itti, 2008). The present article aims to overcome some
of these di�culties by exploring the data of a scene viewing study with
infants and adults. Especially this allows to test some aspects of the
cognitive relevance hypotheses, as the infant cognitive system is only
starting to develop.

8.1.1 Visual saliency

Many scene viewing studies have addressed the question of wherewe
look by showing correlations between �xation locations and scene re-
gions that are visual salient. The typical approach is to construct an
image saliency map based on low-level image features (e.g., contrast,
luminance, edges) that highlights locations likely to be �xated. Among
the �rst to take this approach were Itti et al. (1998) and Itti & Koch
(2000) who had a large in�uence on the �eld by making their saliency
toolbox (Walther & Koch, 2006) available for everyone to use. Many other
saliency models have been developed, for instance highlighting the role
of context (Torralba et al., 2006), symmetry (Kootstra & Schomaker, 2009),
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or using di�erent methods (e.g., graph-based (Harel, Koch, & Perona,
2007) or deep learning (Zhao, Ouyang, Li, & Wang, 2015)) to combine
the features; for a review see Borji et al. (2013).

Although the visual saliency account has been dominant and is able
to explain where we move our eyes above chance-level, there are few
researchers who would argue that low-level saliency is the only mecha-
nism explaining where we move our eyes. The reason most researchers
remain cautious in overemphasizing the role of saliency is because there
are also strong correlations between low-level saliency, cognitive in�u-
ences and systematic factors. For instance, semantically meaningful
objects may also be salient based on low-level features (Elazary & Itti,
2008; Nyström & Holmqvist, 2008) and even a model blind to the scene
is able out perform saliency maps in predicting where people look by
using systematic tendencies in eye movements to predict �xation lo-
cations (Tatler & Vincent, 2009). These �ndings have shifted the main
focus away from visual saliency (Tatler et al., 2011) towards cognitive
relevance (Henderson, 2003, 2017).

8.1.2 Cognitive relevance

A theoretical position that challenges the saliency-account is the cogni-
tive relevance hypothesis. This account suggests that the main mech-
anism driving our eye movements is the cognitive relevance of scene
locations. The main evidence for this position comes from studies in
which the same scenes are viewed under di�erent task instructions
and large di�erences are observed as a result of these task instructions
(Castelhano & Heaven, 2010; Castelhano et al., 2009). For instance, peo-
ple instructed to search for a co�ee mug in a scene will look at di�erent
locations than people looking for a painting (Henderson, 2017). A more
di�cult question to answer is to what extent the cognitive relevance
of scene locations plays a role during free-viewing (i.e., without any
instructions).

This question is hard to study due to the fact that cognitive relevant
objects are often also salient based on low-level features (Einhäuser et al.,
2008; Henderson, 2007). However, researchers have found clever ways
to disentangle these di�erent characteristics. For instance, Nyström &
Holmqvist (2008) controlled the contrast at semantically relevant loca-
tions to reduce the saliency of these locations, but this did not a�ect the
probability that these locations were �xated. In a study by Nuthmann
& Henderson (2010) �xations on objects were compared to �xations on
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proto-objects (i.e., regions with similar pixel values). They showed that
object �xations have a preferred viewing location at the center of objects
(see also, Xu et al., 2014; Foulsham & Kingstone, 2012), but this e�ect
was much weaker for proto-objects. This is taken as evidence that ob-
jects attract attention because of their cognitive relevance. Moreover, the
center of objects is typically not the most salient part of an object based
on low-level saliency that highlights the contours of objects, providing
even more evidence for the cognitive relevance hypotheses.

Although these experimental manipulations allow for a comparison
between the saliency-account and the cognitive relevance account, they
still require unnatural manipulations of the scene. Proto-objects may dif-
fer in unknown ways from actual objects and by controlling the contrast
at semantically relevant locations the scene is also changed. We add a
new perspective to this discussion by studying infants. For infants most
objects are proto-objects with which they have little to no experience
and infants cognitive abilities are nowhere near adults cognitive abili-
ties. Infants and adults can be shown the exact same scenes and when
cognitive relevance is the main mechanism driving our eye movements
we would expect to observe di�erences in where and how infants and
adults look at scenes.

8.1.3 Current study

To explore object attention in infants and adults during free-scene view-
ing we will focus on the data of the familiarity study (see Chapter 7) in
which all objects are segmented. Since Chapter 7 only included infants an
additional 20 young adults were tested with the same task. This allows
to systematically explore the similarities and di�erences between infants
and adults when looking at objects. Speci�cally, we will examine the
preferred landing and viewing location within objects, the relationship
between the viewing location and �xation durations and the directions
of re-�xations within objects.

8.2 Method

8.2.1 Participants

Fifty �ve infants (M � 9.43 months, SD � 2.21) and twenty adults
participated in the study. Another 4 infants were tested, but their data
were excluded due to inability to calibrate. There was no dropout for
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Figure 8.1 – Example of a real-world scene used in this study. Five objects are
shown overlaid with the segmented regions to give an example of the di�erent
object sizes. The other four objects are not overlaid to keep the example clear, in
the actual analysis these objects are included. The black crosses are located at the
center of the objects, the green cross shows a within-object �xation location and
the dark blue line shows how far away from the center this �xation is located
with regard to the object boundary. The red cross shows a �xation location
outside an object and the light blue line shows how far away from the center this
�xation is located with regard to the object boundary.

the adult participant. For the majority of the infants (N = 40) the data
presented here is the same data a reported in Chapter 7, the remaining
15 infants and 20 adults provide new data collected with the exact same
procedure in the same room and with the same eye-tracking. The study
was approved by the ethical committee of the University of Amsterdam
and conducted in accordance with the declaration of Helsinki. All infant
caretakers and adult participants gave their informed consent.

8.2.2 Materials & procedure

Twenty-nine indoor real-world images were selected from the Object
and Semantic Images and Eye-tracking (OSIE) data set (Xu et al., 2014).
To prevent attentional biases for human faces (Frank et al., 2009) and
animals (Tipples et al., 2002) scenes did not display humans and/or
animals. All scenes contained four or more objects, this ensured that
scenes were somewhat similar and in every scene there were enough
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objects to look at. The objects in the scenes were easy to disentangle as
separate objects and Xu et al. (2014) segmented out the contours of these
objects, see Figure 8.1.

Participants were seated approximately 60 cm from a monitor on
which the scenes were presented. Infant participants were seated in a
MaxiCosi, while adults participants were seated in a chair. An EyeLink
eye-tracker sampling at 500 hertz measured the eyemovements using the
remote setting with a target sticker on the forehead of the participants. A
5-point calibration routine that made sure the average o�set was below 1
degree of visual angle. This calibration routine was the same for infants
and adults to keep the data comparable. Adult participants were told
that they would not get any instruction as we also did this experiment
with infants that could not be instructed. Infant caregivers were asked
not to interact with their child during the experiment. Every trial started
with a attention getter that would start the trial in a gaze contingent
manner, after which the scene was displayed for 8 seconds. For a more
elaborate description of procedures see Chapter 7.

8.2.3 Data analysis

Raw data of both infants and adults were pre-processed using gazepath
(van Renswoude et al., 2018). Gazepath is an R-package that extracts
the �xation locations and durations from the raw data while accounting
for individual di�erences in data quality. Typically, the data in-between
the �xations are the saccades, however in gazepath these periods can
also be blinks or missing data. To classify the the saccades, the periods
between the �xations that fell between 10 and 90 msec. (cf. Nyström &
Holmqvist, 2010) were used as cut-o� values.

8.2.3.1 within-object location

For every �xation it was determined whether this �xation fell on an
object or on the background. For within-object �xations the relative
distance to the centroid of the object was calculated. This was done
by �rst calculating the centroid using the st_centroid function of the sf
R-package (Pebesma, 2018). Then, a line was drawn through the centroid
and the �xation point on the object, the length from the object centroid
to the object boundary was �xed at 1 for every object. This ensured
that data of all within-object �xations was normalized such that objects
of di�erent sizes and shapes could be compared. Every within-object
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�xation fell somewhere between the center (0) and the boundary (1) of
the object. In addition, every within-object �xation was characterized
by a direction from the center ranging over from 0◦ to 360◦. Using these
normalized distances and directions, normalized x- and y-coordinates
for all within-object �xations were obtained by taking the sine and cosine
of the directions multiplied by the distance. These normalized x- and
y-coordinates ranged from -1 to 1, with these being the object boundaries
and 0 being the center.

8.2.3.2 Background locations

For the �xations that fell on the background the closest object was iden-
ti�ed based on the distance to the object centroids. For this object the
relative distance to the center was calculated, this was done by drawing
a line through the centroid and the �xation point. Again, the distance for
the object centroid to the object boundary was �xed at 1 and the relative
distance was therefore always larger than 1. Distances larger than 2 were
not further considered, as that would be to far away from the object to
be considered a �xation falling short of the object.

8.2.3.3 Object size

As the objects in the scenes vary greatly in size and previous work has
shown the that size has an e�ect on the IOVP e�ect (Pajak & Nuthmann,
2013), size is taken as factor in the analysis of the IOVP e�ect. The objects
were grouped in 5 categories (tiny, small, normal, large and huge) that
correspond to their surface size. Objects with a diameter smaller than 3◦
were considered tiny, objects with a diameter falling between 3◦ and 6◦
were considered small, objects with a diameter falling between 6◦ and 9◦
were considered normal, objects with a diameter falling between 9◦ and
12◦ were considered large and objects larger than 12◦ were considered
huge. Figure 8.1 shows examples of these �ve size categories.

8.3 Results

8.3.1 Preferred viewing location (PVL)

Figure 8.2 shows the landing positions of infant and adult within-object
�xations coming from the background, or from other objects. A couple
of things stand out, �rst there is a clear overall PVL: both infants and
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Figure 8.2 – Overall landing positions of infants (top) and adults (bottom)
saccades coming from the bottom, left, top and right directions. The middle
panels (composite) show the combined landing positions.
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adults �xated the center of objects. Second, both infants and adults
showed a tendency to undershoot. One sample t-tests showed that the
main horizontal landing positions of infants targeting an object from
the left (t(1617) = -3.57, p < .001) and right (t(1629) = 13.89, p < .001)
were di�erent from zero. For the vertical landing positions this was the
case when targeting from the top (t(576) = 4.78, p < .001), but not when
targeting from the bottom (t(769) = -0.48, p = 0.632). Adults showed a
similar pattern in which the landing positions targeting an object from
the left (t(1432) = -8.80, p < .001) and right (t(1526) = 2.55, p = 0.011)
were di�erent from zero. For the vertical landing positions of adults this
was only the case when targeting from the top (t(672) = 5.33, p < .001),
but not when targeting from the bottom (t(705) = -1.71, p = 0.089). The
undershootwhen coming from the horizontal directions replicates earlier
work (Foulsham et al., 2013; Nuthmann & Henderson, 2010). However,
the undershoot from the bottom was not found in contrast to Nuthmann
& Henderson (2010). This is somewhat in line with Foulsham et al.
(2013) who report that the undershoot only occurred in the horizontal
directions. Thirdly, a notable di�erence between the data of infants and
adults can be found in the spread of the �xations locations. There is
more variance in the infant �xation locations than in the adult �xation
locations.

8.3.2 Preferred viewing location (PVL) and fixation duration

Figure 8.3 shows the relationship between the relative distance from
the center and the �xation duration. The R-package lme41 was used to
�t a mixed model with relative distance from the object center, group
(infants or adults) and object size (quanti�ed as the proportion of the
image) as predictors of �xation duration and participants as random
e�ect. The continuous predictor variables were scaled to have means
of zero and standard deviations of 1, the �xation duration data was log
transformed to ensure normally distributed errors. The analysis showed
main e�ects of group (M = 0.44, SE = 0.030, t = 14.53), relative distance
from the center (M = -0.04, SE = 0.006, t = -5.91) and size (M = -0.01, SE
= 0.006, t = -2.27). In addition there were interaction e�ects between
relative distance from the center and group (M = -0.03, SE = 0.008, t =

1The lme4 package outputs estimates, standard errors and t-values, but no degrees
of freedom or p-values. Therefore we reported these statistics and as a rule thumb
consider absolute t-values above 2 to be ‘signi�cant’ and report those e�ects.
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Figure 8.3 – Relationship between relative distance from the center and �xation
duration for infants (blue) and adults (yellow) for tiny, small, normal, large and
huge objects. Data inside the grey area (relative distance < 1) falls within the
object, whereas data in the white area falls outside the object (relative distance >
1). The lines and 95% con�dence intervals are �tted using the lm method with
default values as implemented in the geom_smooth function of the R-package
ggplot2 (Wickham, 2009).

-3.44) and relative distance from the center and size (M = 0.01, SE = 0.007,
t = 2.08).

Both infants and adults have longer �xation durations closer to the
center of objects for all object sizes except for the ‘Huge’ objects. This
e�ect seems to extend outside the object as well, as the �xation dura-
tions overall keep decreasing outside of the object boundaries and was
stronger for infants than adults. This inverted optimal viewing posi-
tion (IOVP) e�ect is similar to the e�ect reported by Pajak & Nuthmann
(2013). Although they only reported the e�ect for larger objects, what
quali�ed as large objects in their data corresponds to the small category
in this study, which might explain the di�erence. We also �nd an IOVP
e�ect for tiny objects which Pajak & Nuthmann (2013) did not �nd. An
extension of their work is that we also looked at �xations falling outside
of the objects, the fact that the �xation durations keep decreasing outside
the object boundary might indicate that these �xations are mislocated
object �xations.
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Figure 8.4 – Relationship between within-object �xation location and saccade
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Figure 8.5 – Relationship between within-object �xation location and saccade
direction of re-�xations. The position of the nine panels corresponds to position
of the initial �xations and shows the landing position of the saccades from each of
the positions for infants (A) and adults (B). The panels in this Figure correspond
to the panels in Figure 8.4. This Figure shows the landings positions of the
saccades from Figure 8.4.

8.3.3 Preferred viewing location (PVL) and re-fixations

Figure 8.4 shows the relationship between the relative distance from
the center and the direction of the re-�xation. Both infants and adults
target their re-�xations to the center of objects, re-�xations already in
the center have an increased probability to go up or in the horizontal
directions, instead of going down or diagonal. These �ndings are in line
with the work of Pajak & Nuthmann (2013) who also report re-�xations
being targeted at the center. Figure 8.5 shows the landing positions of
these re-�xations. It can be seen that the saccades of re-�xations are not
only targeted towards the center, but do also land of the center of objects
coming from most position in both infants and adults.

8.4 Discussion

This study explored the similarities and di�erences between infants
and adults looking at objects during free scene viewing. Both infants
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and adults had a preferred viewing location (PVL) at the center of ob-
jects. Saccades towards objects were targeted at the center of objects
and both infants and adults tended to undershoot the center of objects
when coming from the horizontal directions and from the bottom, but
not from the upward direction. Re-�xations within objects were also
targeted towards the center of the objects in both infants and adults,
which provides further evidence that the center of objects is the target
of attention selection. Moreover, there was a relationship between the
viewing location on objects and the �xation duration. Both infants and
adults showed an inverted optimal viewing position (IOVP) e�ect in
which �xations closer to the center were longer than �xations on the side
of the object or outside the object and this e�ect was stronger for infants
than for adults. Di�erences between infants and adults were observed
with regard to the �xation durations that were longer in infants and the
variance around object centers that was larger in infants.

This study replicates earlier work in showing that adult have a PVL
when looking at objects (Foulsham et al., 2013; Nuthmann & Henderson,
2010; Pajak & Nuthmann, 2013) and extends these �ndings by showing
that infants also have a PVL on objects. The center of the objects was
the target of attention selection for both saccades made from outside the
object as for within-object saccades. The most straightforward explana-
tion for these �ndings is that attention selection is object-based in both
infants and adults.

In addition to PVL on objects, both infants and adults showed an
IOVP e�ect by making longer �xations at the center of objects than at
the side of objects. This IOVP e�ect seems somewhat paradoxical since
an optimal viewing location would suggest that the information can
be processed faster which would lead to shorter �xation. Yet, the data
of both infants and adults showed the opposite patterns with longer
�xations at the optimal viewing locations. This e�ect is known to exist
in adults during scene viewing (Pajak & Nuthmann, 2013) and was �rst
observed in reading studies (Vitu, McConkie, Kerr, & O’Regan, 2001).
The fact that infants as young as 6 months also show this IOVP e�ect
makes it unlikely that these IOVP e�ects re�ect higher order cognitive
processes, such as the processing of the word or object meaning. This in-
terpretation of the data is in line with work showing that the IOVP e�ect
is also present when reading meaningless z-strings, i.e. “zzzz zz zzzzzz
zzz zzzz” (Nuthmann, Engbert, & Kliegl, 2007). The current results
provide further evidence that the IOVP e�ect is a result of mislocated
�xations as suggested by Nuthmann et al. (2007).
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A possible explanation of the IOVP e�ect is that the optimal viewing
position maximizes the available amount of the information that need
to be processed, which takes longer. Another explanation would be that
there is less information in the periphery of the visual �eld which means
there are fewer possible targets to attend to. If attention selection is a
competition between between di�erent objects ‘pulling’ our attention
(cf. Tatler et al., 2017) then more objects would lead to shorter �xation
durations, which is in line with empirical observations (Pannasch et al.,
2008; Unema et al., 2005).

These results have implications for the interpretation of adult data be-
ing driven by meaning (Hayes & Henderson, 2017; Henderson & Hayes,
2018) and �xation durations being a re�ection of higher order cognitive
processing (Henderson, 2003; Rayner, 2009). It seems that adult and
infant eye movements over real-world scenes are for a large part driven
by similar underlying factors, as they exhibit similar general tenden-
cies. These factors are most likely basic low-level attentional selection
mechanisms as infants are not expected to have developed the neces-
sary experience for meaning and context to play a large role. According
to the self-report of parents (Chapter 7) experience for many objects is
limited for most infants. This questions the idea that we attend towards
meaningful regions of scenes based on knowledge structures encoded
in memory as proposed by the cognitive relevance theory (Henderson,
2017; Henderson & Hollingworth, 1999). A more plausible explanation
might be that our attention is object-based (Einhäuser et al., 2008; Stoll
et al., 2015) and that these objects are selected using low-level saliency
features that are combined into proto-objects, for instance using the
Gestalt principals (Russell et al., 2014). Although the outcomes of this
study might challenge the cognitive relevance account, we do not want
to argue that cognitive relevance does not play a role at all. We still
observed a large di�erence between �xation durations which are much
longer in infants than adults. In addition, the IOVP e�ect was stronger
for infants than adults. These di�erences can very well be the result of
longer processing times or other higher order cognitive processes that
play a larger role in adults than in infants.

To conclude, this study showed that object-based attention selection
during free scene viewing is similar for infants and adults. This chal-
lenges the cognitive relevance account which states that meaning is the
main driver of attention selection in scenes. Instead, we argued that the
fact that infants have a similar PVL and IOVP e�ect as adults could be
taken as evidence that these e�ects might be a result of basic low-level
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mechanisms.
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Chapter 9
General discussion

This thesis examined free viewing of real-world scenes in infants and
adults. The two main goals of this research were (1) to gain more insight
into infant development of visual attention over real-world scenes and (2)
to use these insight from infants to help understand the factors driving
adult attention over real-world scenes. This chapter is organized as fol-
lows: First, the results of the di�erent studies are summarized. Second,
the research practices are addressed. Third, the development of visual
attention is discussed. Fourth, the insights from infant eye movements
over real-world scenes are discussed in relation to the processes guid-
ing adult attention. Fifth and �nally, this chapter ends with a general
conclusion.

9.1 Summary of the results

9.1.1 Gazepath

In Chapter 2 the gazepath method was presented that was used through-
out this thesis to classify the eye-tracking data into �xations and sac-
cades. This R-package provides some bene�ts over traditional methods
to classify �xations and saccades by using trial-based thresholds that
are derived based on the data. The use of such a data-driven method
is necessary because there are correlations between data quality and
outcome measures such as �xation duration (Wass et al., 2013). This is
especially problematic in developmental research because data quality
is lower for infants than adults, and lower for younger infants than older
infants. When using standard eye-tracker classi�cation methods this
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can lead to spurious results such as �xation durations that are too short
in younger infants who provide low quality data. This can obscure de-
velopmental e�ects, such as the decrease of �xation durations with age.
The application of gazepath to detect �xations and saccades lowered or
removed the problematic correlations between data quality and �xation
durations.

9.1.2 General biases

Chapters 3 and 4 showed that infants, similar to adults, have the horizon-
tal and center bias. Most saccades were made in the horizontal directions
and when the start position was manipulated towards the side most sac-
cades were made towards the center. The main di�erence between the
infant and adult data was the variance. In the horizontal bias study,
the distribution of the saccade directions of infants had lower peaks
and wider tails, than the distribution of the saccade directions of adults.
Similarly, in the center bias study, the �xation distributions of adults had
higher peaks in the center, while the �xation distributions of infants were
more spread around the center. Future scene viewing studies can use
these �ndings to account for these biases in the design and/or analyses,
as was done in this thesis in Chapter 6. The question what causes this
di�erence in variance in the saccade direction and �xation location data
is further addressed in Section 9.3.1.

Chapter 5 described the default tendencies of both infants and adults
when looking at real-world scenes. This chapter extendedChapters 3 and
4 by taking a deeper look at dependencies between successive �xations
and saccades. The overall patterns that were presented in this chapter
were very similar for infants and adults. Fixation durations increased
in both infants and adults during viewing. Saccades of short amplitude
were often preceded by saccades of short amplitude. The direction of
the outgoing saccades in�uenced �xation durations in a similar way in
infants and adults. Fixations preceding an upward saccade were shorter
than �xation durations preceding a saccade in the horizontal directions,
while saccades downwards had the longest preceding �xation durations.
A di�erence between infants and adults was the extend to which they
showed the initial leftward bias. This initial leftward bias was stronger
for adults than for infants, which might indicate that reading plays a
role here.
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9.1.3 Real-world scene perception & object familiarity

In Chapter 6 the �xation locations and �xation durations were modeled
as a function of visual saliency and adult �xation location while the
in�uence of the general biases was controlled for. The main �ndings
consisted of a developmental pattern in both the �xation locations and
durations. Fixation locations of adults were a better predictor of where
older infants looked, than where younger infants looked. Fixations
durations were found to decrease with age. In addition, infant �xations
on locations more frequently �xated by adults were longer than �xations
on other locations. Taken together, this implies that the development
towards adult like viewing behavior already starts in the �rst year of life.

In Chapter 7 the �ndings of Chapter 6 were extended by a parent
report measure of the level of familiarity that infants hadwith the objects
in the scenes as a proxy of object knowledge. In addition, the study in
Chapter 6 was exploratory in nature and therefore the familiarity study
in Chapter 7 was pre-registered with the Open Science Framework. The
hypothesis was (in line with the cognitive relevance account) that the
individual degree of familiarity with speci�c objects would in�uence the
looking behavior. This hypothesis was not directly con�rmed. Instead of
a direct relationship between object familiarity and attention selection,
an interaction with age was found. The in�uence of object familiarity
changed with age, although this interaction with age was not hypothe-
sized as such, the pre-registered models did contain the interaction term
and these �ndings are in line with the results of Chapter 6 in which older
infants were more likely to look at location frequently �xated by adults.
Interestingly, follow-up analyses showed that the increased in�uence of
object familiarity went hand in hand with a decreased in�uence of object
saliency. Older infants were less likely to select and re-�xate visually
salient objects than younger infants.

9.1.4 Object perception

Chapter 8 focused on the �xations within and saccades towards objects.
This chapter provided a more in-dept analysis of the �nding also pre-
sented in Chapter 7, that objects were �xated in the center. In addition to
the center �xations on objects, both infants and adults had longer �xation
durations when �xating the center of objects than the side of objects and
�xation durations were even further decreased outside objects. Saccades
towards objects typically undershoot the center, especially when coming
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form the horizontal directions. Most within-object saccades (re-�xations)
were also targeted towards the center. The observation that both infants
and adults attend to objects in a similar way during free scene viewing
suggested that attention is drawn towards low-level object information
and not higher-order information such as background knowledge and
context.

9.2 Research practices

The title of this thesis is “Looking (for) patterns”. This refers to the
looking patterns while viewing real-world scenes, but also to the partly
exploratory nature of this thesis in which I spent a lot of time looking for
patterns in the data. This exploratory approach is generally not consid-
ered a reliable research method and can be considered a questionable
research practice (Simmons et al., 2011) when presented as con�rmatory
research. In the introduction I stated that these questionable researcher
practices were something I liked to stay far away from. How does this
relate to the exploratory nature of this research and more general to
other research practices regarding this work? In all research projects,
questions of how to analyze data, interpret �ndings or ‘frame’ certain
results come up. In order to interpret the data and promote transparency
and open science, ethical considerations that came up during this project
are discussed below.

9.2.1 Data sets

This thesis described three main data sets (Chapter 2 also presents other
data) on which all the conclusions in this thesis were based. All data
sets were used for multiple studies and address di�erent questions. As
eye movement data can be used to study di�erent questions by focusing
on di�erent aspects of the data, it is not uncommon to use one data set
for multiple studies. However, it is important to know which data sets
were used in the di�erent studies.

The �rst data set was collected at the University of California, Los
Angeles in the lab of professor Scott Johnson. He is an expert in infant
object perception and brought up the question how infants distribute
their attention over more complex real-world scenes instead of objects
in isolation. This data set inspired most of the work in this thesis, it was
used to develop the gazepath method (Chapter 2), study the horizontal
bias in infants (Chapter 3), describe the development of scene perception
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(Chapter 6) and was �nally (next to other data sets) used to explore the
systematic tendencies in infant and adults (Chapter 5).

The second data set was collected as part of the center bias study and
had very speci�c pre-registered hypotheses. These hypotheses were de-
scribed in (Chapter 4) together with the exploratory follow-up analyses.
This data set was used again in Chapter 5 to describe the systematic
tendencies.

The third data set was collected to study the in�uence of object fa-
miliarity in Chapter 7. This study was pre-registered with very speci�c
hypotheses that were presented in Chapter 7 alongside the exploratory
�ndings. Initially only infant data was collected, but later 20 adult par-
ticipants were tested as well. This full data set with both infants and
adults was used in Chapter 5 to describe the systematic tendencies and
in Chapter 8 to study object perception.

9.2.2 Confirmatory versus exploratory research

This thesis used a mix of con�rmatory and exploratory research. Both
the center bias study and the object familiarity study were pre-registered
with the Open Science Framework. These pre-registrations allowed for a
strong interpretation of the data. However, many of results in this thesis
are exploratory and it is thus important to consider what this implies
for the interpretation of these results. Exploratory �ndings can be a
coincidence and in order to make a contribution to the �eld of cognitive
science it is important that the �ndings presented in this thesis generalize
beyond the infants and adults which were tested.

There are a couple of reasons why the exploratory results can be
interpreted safely and can be expected to replicate in future studies.
First, the large majority of the adult eye movement patterns described in
this thesis replicates work by others. Both the horizontal bias and central
bias are well-established phenomena in adults, as are the systematic
tendencies in adult eye movement patterns (Tatler & Vincent, 2008, 2009).
In addition, the fact that attention selection is object-based is also well-
known (Foulsham et al., 2013; Nuthmann & Henderson, 2010; Pajak &
Nuthmann, 2013). However, the fact that infants have similar systematic
tendencies, use objects to guide their attention and have the horizontal
and center bias are novel �ndings. Nevertheless, also these �ndings are
likely to replicate in future studies. The results reported for infants in
this thesis are very much in line with the few studies that did look into
infant eye movement patterns in more detail (Helo et al., 2016; Mahdi et
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al., 2017). Moreover, the results are consistent across the three di�erent
data sets and these gaze patterns seem to re�ect very basic characteristics
observed across participants, age groups, labs and countries. All in all,
it seems that the pattern of results reported in this thesis is general and
not speci�c for the infants that participated.

9.2.3 Researcher degrees of freedom

The researcher degrees of freedom refer to the �exibility that researchers
have when analyzing the data. In the case of the analysis of eye move-
ment data there is room for a lot of �exibility. Di�erent pre-processing
methods can be used to classify �xations and saccades, �xations can be
aggregated within areas of interest or objects, saliency maps can be con-
structed using di�erent algorithms, object locations can be identi�ed in
many ways, there are several options to estimate the correlation between
these �xation locations, saliency maps and object maps, etc. In order
to limit these possibilities two studies (Chapter 4 and Chapter 7) were
pre-registered. For the interpretation of the exploratory results in this
thesis and other eye-tracking studies in general, it is good to be aware of
the amount of possible choices that eye movement research comes with.
For all studies reported in this thesis many more analyses could have
been conducted. A general approach that was used to limit the amount
of analyses was to keep the analyses in line with comparable studies.
For instance, in Chapter 6 the same analyses as Einhäuser & Nuthmann
(2016) were used and in Chapter 5 the same analyses as Tatler & Vincent
(2008) were conducted to limit the researcher degrees of freedom.

9.3 The development of infant visual attention

There are two developmental e�ects that were found consistently across
studies. First, the larger variance in infant eye movement data compared
to adult eye movement data. For instance, the infant data contained
a lot more variance in the saccade directions, �xation durations and
�xation locations than the adult data. Second, the decrease of �xation
durations with age. In addition, speci�c developmental e�ects were
found in several studies, these e�ects are discussed below.
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9.3.1 Variance in eye movements

The infant data contained more variance in the saccade directions, �x-
ation durations and �xation locations than the adult data. A possible
explanation for this variance e�ect might be infants’ relative lack of con-
trol over their eye movements. Although it is known that infants can
target saccades with quite some precision in controlled tasks (e.g., the
gap-overlap task (Cousijn et al., 2017)), it might be that real-world scenes
with information everywhere makes it more di�cult for infants to target
their saccades. This could have led to the wider saccade-direction distri-
bution in Chapter 3. Similarly, undershoots and overshoots of saccades
may explain why the �xation distribution around the center in the center
bias study (Chapter 4) and within-object �xations (Chapter 8) are wider
for infants than for adults.

Another explanation for the variance di�erences might stem from
the idea that free scene viewing can be considered an exploration - ex-
ploitation process (Gameiro, Kaspar, König, Nordholt, & König, 2017).
If infants would use more exploration and adults more exploitation this
may explain the data patterns as well. Adults may have learned a close
to optimal strategy that involves central �xations and favors saccades
along the horizontal axis, while infants may still be exploring other
ways to move their eyes as well. If this is the case infants may have the
voluntary control to move their eyes with enough precision, but they
‘choose’ to do this in a less systematic way than adults. The �nding
that the saliency distribution of the scenes in Chapter 4 had a di�erent
in�uence on infants than adults can be understood as a result of this
exploration - exploitation trade-o�. In the cases where the periphery of
scenes was more salient than the center, many adult �xations still ended
up in the center, while most infants �xations were targeted towards the
more salient periphery. This may imply that adults were exploiting the
fact that the center is often salient, while the infants were exploring the
most salient part.

9.3.2 Fixation durations

Across all three data sets �xation durations were found to decrease with
age and were much longer for infants than for adults. Cognitive control
theory (Henderson, 2003; Rayner, 2009) can explain this decrease in
�xation durations as a result of increased processing speed as this theory
assumes that �xation durations re�ect information processing. However,
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this thesis also found some results that are more di�cult to understand
from a cognitive control perspective. In Chapter 6 it was found that infant
�xations on locations more frequently �xated by adults were longer than
�xations on other locations. This is a somewhat paradoxical �nding,
since the �xation durations are shorter for older infants who look more
towards the locations where adults look, yet the locations where adults
look receive longer �xations. Chapter 8 found a IOVP e�ect in which
�xations closer to the center of object were longer than �xations on the
side, or outside the objects. This is also a somewhat paradoxical �nding
as the center is considered the optimal viewing position, which should
enhance processing and thus result in shorter �xation durations. These
results tap into the paradox of �xation durations that can be interpreted
as either a measure of processing speed (Rose et al., 2012, 2005) or of
sustained attention (Papageorgiou et al., 2014; Wass et al., 2015).

Although �xation durations are often interpreted as a measure of
cognitive processing (Henderson, 2003), this thesis has shown that there
are other factors that in�uence �xation durations as well. These factors
are the selection of the new �xation location, the systematic tendencies of
eye movements (Chapter 5), scene characteristics (Nuthmann, 2017) and
individual di�erences (Hessels et al., 2016; Wass & Smith, 2014). Most
likely these factors also interact with each other in currently unknown
ways, which makes it di�cult to gain insight into the processes under-
lying �xation durations. During a �xation the information currently
�xated must be processed and a new �xation location must be selected.
As both the processing and selection in�uence �xation durations it is
di�cult to knowwhether the decrease of �xation durations from birth to
adulthood is the consequence of enhanced processing ability, enhanced
selection abilities or both. To make understanding these processes even
harder, this development is most likely also in�uenced by the (develop-
ment of) systematic tendencies and individual characteristic. All in all,
this thesis provides further evidence that the interpretation of �xation
durations is di�cult as many factors play a role. Future studies should
focus on understanding the mechanisms underlying �xation durations
(i.e., Urabain et al., 2017) in order to enhance the interpretation of free
viewing data.

9.3.3 Developmental effects

This thesis reported several developmental e�ects, both between infants
and adults and between infants of di�erent age. Overall, these results �t
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well within the theoretical framework that scene perception develops
from being more exogenous towards being more endogenous driven
(Johnson, 1990, 2002).

9.3.3.1 Infant - adult comparisons

Chapter 4 found a developmental e�ect when the periphery of scenes
was more salient than the center. In that condition adult �xations ended
up in the center, while most infants �xations were targeted towards the
more salient periphery of the scene. Chapter 8 showed that the inverted
optimal viewing position (IOVP) e�ect was stronger for infants than
for adults. Both these e�ects can be explained by the fact that saliency
has a stronger in�uence on infant than on adult �xations. In the case
of the center bias study the infants were more likely to attend towards
the salient region than adults. In the object perception study the position
on which the objects were �xated had a stronger e�ect on the �xation
durations of infants than adults. This might indicate that infants have
less endogenous control over their �xation durations as the within-object
position played a larger role than in adults.

9.3.3.2 Development within infants

Chapter 7 reports a developmental e�ect as a shift from visual saliency
towards cognitive relevance. Older infants were more likely to �xate famil-
iar objects more often and earlier during viewing, while younger infants
were more likely to �xate visual salient objects more often and earlier
during viewing. Similarly, Chapter 6 showed that adult-like viewing
behavior increased with age. Both these results �t well within the frame-
work of a development frommore exogenous towards more endogenous
control. It should be noted however, that interpretation of these �ndings
should be done carefully as these developmental results are based on
exploratory �ndings that should be replicated before stronger conclu-
sions can be drawn. Nevertheless, both theory and the developmental
e�ects reported in this thesis point in the same direction: there is an
increasingly importance of endogenous attentional control as infants
grow older.
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9.4 Adult visual attention

Although the main focus of this thesis is on infant visual attention,
all studies also tested adults and the comparison between infants and
adults provided insights into the factors underlying adult visual atten-
tion. Adult visual attention is often characterized as an interplay between
low-level factors (e.g., visual saliency) and higher order factors (e.g., cog-
nitive relevance). The visual saliency account (Borji et al., 2013; Itti & Koch,
2000; Itti et al., 1998) used to be dominant, but nowadays more and more
researchers highlight the importance of cognitive relevance. This shift
towards cognitive relevance took place due to an increasing body of
literature showing that attention selection is object-based (Einhäuser et
al., 2008; Foulsham et al., 2013; Nuthmann &Henderson, 2010; Stoll et al.,
2015), in�uenced by task instructions (Castelhano & Henderson, 2008;
Castelhano et al., 2009) and semantic relevance (Nyström & Holmqvist,
2008). These are all �ndings that are better explained by cognitive rele-
vance as the main driver of attention instead of visual saliency.

Cognitive relevance theory assumes that scene representations guide
attention over scenes (Henderson & Hollingworth, 1999). These scene
representations contain information about the semantic content and
context of scenes that are stored in memory through prior experiences.
Recent work used saliency maps and meaning maps to predict �xation
locations and found that meaning is a better predictor than saliency
(Hayes & Henderson, 2017; Henderson & Hayes, 2018). Although most
work on adult attention seems to support the cognitive relevance theory,
the results presented in this thesis might challenge this position. An
important �nding of this thesis is the similarity between infant and adult
gaze patterns over real-world scenes. Since infants have had little to no
experience to store scene representations in memory, it seems unlikely
that infant eye movements are primarily under the control of cognitive
relevance. Given the similarities between adult and infant gaze patterns it
seems likely that the same processes underlie both infant and adult eye
movements. Cognitive relevance theory cannot explain the similarities
between infant and adult data as reported in this thesis. On the other
hand, many e�ects beyond free scene viewing reported in the literature
cannot be explained by visual saliency.

A view that can explain the �ndings reported in the literature and
this thesis is the theory of object-based attention. This theory states
that attention is object-based (Einhäuser et al., 2008; Stoll et al., 2015)
and objects could be selected using low-level features that are combined
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into proto-objects using the Gestalt principals (Russell et al., 2014). This
‘object view’ can explain how infants and adults can attend towards
semantically meaningful objects without any cognitive experience or
need for higher order processing. The fact that objects can be selected
based on low-level factors makes objects the most likely factor to draw
attention of both adults and infants.

9.5 Conclusion

The work of this thesis was motivated by two main goals. First, to
gain insight into infant development of visual attention over real-world
scenes. Second, to use these insight from infants to help understand the
factors driving adult attention over real-world scenes. It was expected
that the perceptual development of infants could be characterized as a
shift from low-level factors (i.e., saliency) towards higher order factors
such as meaning and context. These developmental e�ects were found,
Chapter 6 showed that older infants were more likely to �xate locations
frequently �xated by adults. In Chapter 7 a similar e�ect was quanti�ed
as a developmental shift from visual saliency towards cognitive relevance.
Older infants were more likely to �xate familiar objects more often and
earlier during viewing, while younger infants were more likely to �xate
visual salient objects more often and earlier during viewing. Chapters 4
and 8 showed developmental e�ects between infants and adults. Infants
were more likely to attend towards salient regions than adults in the
center bias study. In the object perception study, infant �xation durations
were to a stronger degree in�uenced by the position within objects than
adult �xation durations. All these developmental e�ects point in the
same direction and �t well with the idea that the development of visual
attention is characterized by a shift from more exogenous towards more
endogenous control (Johnson, 1990, 2002).

An other important contribution of this thesis is that it shows the
similarity between infant and adult gaze patterns over real-world scenes.
Both infants and adults have a horizontal bias and a center bias, use
objects as the units that attract attention and show similar dependencies
between successive �xation durations and locations and saccade ampli-
tudes and directions. A parsimonious way to explain these similarities
is by assuming they are the result of the same underlying processes
that drive attention. Since infants are still in the process of developing
the knowledge and experience that allows cognitive relevance to play a
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dominant role, it is likely that gaze patterns of infants and adults during
free scene viewing are for a large part driven by bottom-up factors.
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Chapter 10
Nederlandse samenvatting

In dit proefschrift wordt onderzoek beschreven naar het kijkgedrag van
baby’s bij het zien van alledaagse plaatjes. Het doel van dit onderzoek
was tweeledig, inzicht krijgen in de visuele aandachtontwikkeling van
baby’s enerzijds en anderzijds meer inzicht krijgen in de processen die
het kijkgedrag van volwassenen sturen. In deze samenvatting wordt kort
ingegaan op de achtergrond van dit onderzoek en worden de belangrijk-
ste bevindingen van de uitgevoerde studies besproken.

10.1 Achtergrond

Onze oogbewegingen (zoals u die nu bijvoorbeeld maakt tijdens het
lezen) bestaan uit �xaties en saccades. Tijdens een �xatie is het oog relatief
stabiel en kan visuele informatie worden verwerkt. De saccades zijn de
korte sprongen tussen de �xaties die een nieuw deel van het visuele veld
in focus brengen. We maken deze oogbewegingen veelal automatisch en
3 keer per seconde zonder dat we hier continu bewust van zijn. Deze
oogbewegingen zijn nodig omdat we alleen de visuele informatie die
op het centrale deel van ons netvlies valt goed scherp kunnen zien. Het
feit dat onze oogbewegingen op deze manier werken brengt twee inte-
ressante vragen naar voren waar cognitief psychologen zich al decennia
over buigen.

Ten eerste de vraag hoe ons brein ervoor zorgt dat we de wereld
waarnemen als een continu geheel, terwijl de visuele informatie ‘schok-
kerig’ en slechts in delen binnenkomt als gevolg van de saccades die
onze ogen 3 keer per seconde maken. De meest voor de hand liggende
verklaring hiervoor is dat ons brein voorspelt wat we zien waardoor
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we niet per se zien wat er daadwerkelijk aan visuele input binnenkomt,
maar de voorspelling die ons brein daarvan maakt. Dit is bijvoorbeeld
ook de reden dat we visuele illusies kunnen ervaren.

Ten tweede, brengt het feit dat we enkel scherp kunnen zien wat
op het centrale deel van ons netvlies valt een interessante paradox van
onze oogbewegingen aan het licht. Om de details van een interessant
object goed te kunnen bekijken moeten we een oogbeweging maken
richting dat object, maar om een interessant object te selecteren hebben
we beperkte informatie omdat we een selectie moeten maken op basis
van visuele informatie die niet helemaal scherp binnenkomt. Hoe maken
we deze selectie?

10.2 Oogbewegingen van volwassen

De vraagwelke processen ten grondslag liggen aan onze oogbewegingen
wordt door wetenschappers vanuit twee kampen benaderd. Aan de
ene kant zijn er cognitief psychologen die vooral benadrukken dat het
onze kennis is die onze aandacht stuurt. Zij betogen dat de hoofdreden
voor het besluiten om bepaalde objecten in detail te bekijken wordt
ingegeven door de kennis die we hebben van deze objecten en dat de
context van het plaatje daarbij een rol speelt. Aan de andere kant zijn er
wetenschappers vanuit vooral de computerwetenschappen en arti�ciële
intelligentie die ook veel onderzoek hebben gedaan naar de processen
die onze aandacht sturen. Om computer vision te ontwikkelen wordt de
mens als uitgangspunt gebruikt en door de processen te ontrafelen die
wij gebruiken om onze aandacht te sturen, kunnen computers ook ‘leren’
wat de relevante locaties van een plaatje zijn om te bekijken.

Wanneer ons kijkgedrag veelal ingegeven is door hogere orde pro-
cessen zoals kennis en context, zou het voor een computer nagenoeg
onmogelijk zijn om menselijk gedrag na te bootsen. Het lukt computer
modellen op basis van zeer basale informatie echter best aardig om te
voorspellen welke locaties van plaatjes interessant zijn en waar mensen
dus hun aandacht op zullen richten. Deze zogenoemde saliency modellen
maken gebruik van informatie die vanuit het plaatje beschikbaar is zoals
kleur, contrast, de oriëntatie van pixels en lijnen. Door deze informatie te
combineren ontstaat een saliency map die een vrij aardige indicatie geeft
van de locaties die mensen waarschijnlijk zullen bekijken wanneer zij
naar het plaatje kijken.

Zoals wel vaker ligt de waarheid waarschijnlijk ergens in het mid-
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den en spelen zowel basale processen, als hogere orde processen een
rol in het sturen van onze aandacht. De vraag blijft dan onder welke
omstandigheden bepaalde processen dominant zijn en of deze verdeling
in de basis meer neigt naar cognitieve processen of naar basale processen.
Het feit dat deze twee vragen centraal staan in de literatuur maakt het
erg interessant om ook het kijkgedrag van baby’s te bestuderen. Baby’s
hebben veel minder kennis van objecten, achtergrondkennis en context,
daarom kunnen het bijna alleen maar basale processen zijn die de aan-
dacht van baby’s sturen. Het vergelijken van het kijkgedrag van baby’s
en volwassenen maakt het mogelijk om ten eerste beter inzicht te krij-
gen in de cognitieve ontwikkeling van baby’s via hun kijkgedrag. De
hypothese is dat cognitieve processen een grotere rol gaan spelen naar-
mate baby’s ouder worden en dat dit zal leiden tot veranderingen in het
kijkgedrag. Ten tweede geeft het bestuderen van baby’s meer inzicht in
de verhouding tussen cognitieve en basale processen die onze aandacht
sturen. Wanneer er een groot verschil wordt waargenomen tussen het
kijkgedrag van baby’s en volwassenen, kan dat er mogelijk op wijzen dat
het kijkgedrag van volwassenen meer gestuurd wordt door cognitieve
processen. Terwijl sterk gelijkend kijkgedrag van baby’s en volwassenen
juist zou wijzen op een grotere invloed van basale processen.

10.3 Opzet en methode

Om meer inzicht te krijgen in hoe we onze ogen bewegen wordt een eye-
tracker gebruikt. Dit is een camera die de oogbewegingen kan registeren
en dat stelt wetenschappers in staat ommeer inzicht te krijgen in de vraag
welke processen onze oogbewegingen sturen wanneer we bijvoorbeeld
een tekst lezen of naar plaatjes kijken. Een vrij basale taak die hiervoor
gebruikt wordt is free-scene viewing, hierbij wordt enkel een plaatje (een
foto) aangeboden en wordt geregistreerd waarnaar gekeken wordt. Deze
taak staat ook centraal in dit proefschrift omdat het een taak is die inzicht
kan bieden in hoe onze aandacht verdeeld wordt en kan worden afgeno-
men bij zowel baby’s als volwassenen zodat een vergelijking mogelijk is
wat het ook mogelijk maakt om ontwikkelingskarakteristieken in kaart
te brengen.

Om eye-tracking ook bij baby’s goed te kunnen gebruiken zijn er een
aantal methodologisch uitdagingen die overwonnen moesten worden.
Hoewel de basale karakteristieken van oogbewegingen van baby’s en
volwassen niet veel verschillen, zit in de data van de baby’s over het
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algemeen veel meer ruis. Dit betekent dat er tijdens de dataverzameling
alles aan moet worden gedaan om de datakwaliteit te optimaliseren,
wat in de studies in dit proefschrift is gebeurd door de calibratie en
aanbieding van de plaatjes af te stemmen op de baby’s. Hoe dit precies
gedaan is staat beschreven in Hoofdstuk 1 en in de methodesecties van
de verschillende hoofdstukken. Ook is er veel aandacht besteed aan de
data-analyse door een algoritme te ontwikkelen dat meer geschikt is
om zowel ruizige data, als data van goede kwaliteit op dezelfde manier
te kunnen verwerken. Dit heeft als voordeel dat dezelfde methodiek
toegepast kan worden op zowel de baby als volwassen data, de details
hiervan zijn uitgewerkt in Hoofdstuk 2.

10.4 Algemene neigingen

Behalve de cognitieve en basale processen is er nog een derde factor die
veel aandacht heeft gekregen in het bestuderen van de oogbewegingen
over alledaagse plaatjes. Dit zijn de general biases, wat in het Nederlands
vertaald kan worden als algemene neigingen. Dit zijn bijvoorbeeld de
centrale bias en horizontale bias, de neiging om vooral naar het midden
van het scherm te kijken en om vooral oogbewegingen in de horizontale
richtingen te maken. Deze algemene neigingen kunnen een probleem
vormen in de interpretatie van de data. Door simpelweg te voorspellen
dat er naar het midden gekeken wordt kan behoorlijk goed verklaard
worden waar mensen kijken, zonder enig inzicht te krijgen in de verhou-
ding tussen de cognitieve en basale processen. Om die verhouding goed
te kunnen bestuderen is het dus nodig om het e�ect van deze biases te
controleren. Hiervoor is het nodig om te weten of baby’s deze neigingen
ook hebben en dit is uitgezocht in Hoofdstuk 3 voor de horizontale bias
en in Hoofdstuk 4 voor de centrale bias

Uit deze studies is gebleken dat ook baby’s deze algemene neigingen
hebben, waardoor in vervolgstudies hiervoor gecontroleerd kan worden.
Daarnaast bieden deze studies ook inzicht in de ontwikkeling van het
kijkgedrag doordat de baby’s met volwassenen zijn vergeleken. Een
overeenkomst tussen beide studies is dat er meer spreiding zit in de
baby data dan in de volwassen data. Dit betekent dat baby’s weliswaar
dezelfde algemene neigingen laten zien als volwassenen, maar wellicht
minder controle hebben over de uitvoering van hun oogbewegingen.

InHoofdstuk 5 is alle data uit dit proefschrift gebruikt om de alge-
mene neigingen in het kijkgedrag van baby’s en volwassen nog speci�e-
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ker in kaart te brengen. Hieruit is gebleken dat baby’s en volwassenen in
veel gevallen dezelfde algemene neigingen in hun kijkgedrag laten zien.
Zo blijken afhankelijkheden tussen opeenvolgende �xaties en saccades
dezelfde karakteristieken te vertonen voor baby’s en volwassenen. De
�xatieduur neemt bijvoorbeeld toe met de kijktijd, worden korte sacca-
des vaak ook vooraf gegaan door korte saccades, zijn �xaties voordat
een saccade omhoog wordt gemaakt korter dan wanneer er een saccade
naar beneden wordt gemaakt en hangt een grotere verandering van de
saccade richting samen met een langere �xatieduur.

10.5 De ontwikkeling van scene perceptie

In Hoofdstuk 6 is de kennis uit de eerdere hoofdstukken gecombineerd
om een beter beeld te krijgen van hoe het kijkgedrag van baby’s zich
ontwikkelt tot volwassen kijkgedrag. Dit is gedaan door de locatie waar
baby’s (3-15 maanden oud) keken te voorspellen op basis van een model
dat als belangrijkste input de leeftijd van de baby’s, de saliency (basale
informatie) en de locaties waar volwassen keken (cognitieve informa-
tie) had, hierbij werd gecontroleerd voor de invloed van de algemene
neigingen. De data die hiervoor gebruikt zijn, zijn dezelfde data als in
Hoofdstuk 3 alleen zijn hier de �xaties geanalyseerd, terwijl inHoofd-
stuk 3 de focus op de saccades lag. Het bleek dat zowel de basale in-
formatie, als de kijklocaties van volwassen een bijdrage leverden aan
het voorspellen van waar baby’s keken. Opvallend hierbij was dat de
invloed van de basale informatie niet veranderde met leeftijd, terwijl de
kijklocaties van volwassenen een betere voorspeller waren voor de kijklo-
catie van oudere baby’s dan van jongere baby’s. Hierbovenop werd ook
een e�ect van de kijkduur gevonden. Baby’s keken langer naar locaties
die veel bekeken werden door volwassen en minder lang naar locaties
die minder bekeken werden door volwassenen. Tezamen ondersteunen
deze resultaten het idee dat er een ontwikkeling in het kijkgedrag lijkt te
zitten waarbij cognitieve processen belangrijker worden naarmate baby’s
ouder worden.

10.6 De rol van object kennis

Een probleemmet het onderzoek uitHoofdstuk 6was dat de volwassen
data werd geïnterpreteerd als cognitief gedreven, terwijl dit niet noodza-
kelijk het geval hoeft te zijn. Om dit te ondervangen werd inHoofdstuk
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7 expliciet uitgevraagd welke kennis de baby had van de objecten die in
de plaatjes te zien waren. Dit werd gedaan middels een bekendheidsvra-
genlijst waarop de ouders konden aangegeven of hun kind een object:
(1) nog nooit gezien had, (2) weleens gezien had, (3) weleens aangeraakt
had, (4) kennis had over de functie van het object, (5) het object zou kun-
nen aanwijzen of (6) al een woord had om het object te benoemen. Deze
bekendheid met het object werd gebruikt om te voorspellen naar welke
objecten baby’s keken. Hierbij werd ook meegenomen in hoeverre de
objecten salient waren, hoe groot de objecten waren en waar de objecten
gepositioneerd waren ten opzichte van het midden van het plaatje.

De hypothese was dat de bekendheid van invloed zou zijn op het
kijkgedrag, maar dit bleek niet direct het geval. Wel waren er interacties
met leeftijd die erop wezen dat de invloed van object bekendheid ver-
andert met leeftijd. Het lijkt erop dat de invloed van bekendheid met
objecten toeneemtmet leeftijd en dat de invloed van saliency juist afneemt
en een betere voorspeller is voor jonge baby’s dan voor oudere baby’s.
Deze resultaten sluiten goed aan bij de bevindingen van de studie uit
Hoofdstuk 6 en ook bij de hypothese dat de invloed van hogere orde
cognitieve processen belangrijker wordt met leeftijd, terwijl de invloed
van meer basale factoren afneemt. Desalniettemin dienen de resultaten
van deze studie voorzichtig geïnterpreteerd te worden aangezien het
kleine e�ecten betreft die exploratief gevonden zijn.

10.7 Object perceptie

In Hoofdstuk 8 is in meer detail gekeken naar de data uit Hoofdstuk
7 om beter inzicht te krijgen in hoe objecten precies ge�xeerd worden
door baby’s en volwassenen. Hieruit is gebleken dat objecten door zowel
baby’s als volwassenen in het centrumge�xeerdworden en dat de �xaties
in het midden van die objecten ook langer zijn dan �xaties aan de randen
of net buiten het object. Daarnaast hebben zowel baby’s als volwassenen
de neiging om hun saccades richting objecten net iets te kort te mikken.
De manier waarop baby’s en volwassenen naar objecten binnen plaatjes
kijken vertoont grote overeenkomsten. In de volwassenen literatuur
worden de bevindingen dat volwassenen langer naar objecten kijken
dan naar de achtergrond en naar het midden van objecten kijken vaak
geïnterpreteerd als evidentie voor de hypothese dat cognitieve relevantie
een belangrijke rol speelt in het kijkgedrag naar alledaagse plaatjes. Het
feit dat baby’s op dezelfde manier naar objecten kijken als volwassenen
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geeft aan dat cognitieve relevantie waarschijnlijk weinig invloed heeft
op het kijkgedrag. Immers, de cognitieve relevantie hypothese gaat er
vanuit dat kennis en ervaring die is opgeslagen in het geheugen gebruikt
wordt om de aandacht te sturen. Bij baby’s is deze kennis en ervaring
nog volop in ontwikkeling en het lijkt dus onwaarschijnlijk dat dit al een
(grote) rol kan spelen.

10.8 Discussie

De titel van dit proefschrift is “Looking (for) patterns”, dit verwijst
enerzijds naar de kijkpatronen (Looking patterns) die bestudeerd zijn en
anderzijds ook naar het exploratieve karakter van de manier waarop dit
gedaan is. “looking for patterns” kan ook vertaald worden als “opzoek
naar patronen” en het zoeken naar patronen en verbanden in de data
kan erg nuttig zijn om meer inzicht te krijgen in de processen die de
data gegenereerd hebben. In dit geval dus de aandachtprocessen die
ten grondslag liggen aan onze oogbewegingen. Echter schuilt er ook
een gevaar in het opzoek gaan naar patronen in de data. In elke dataset
zullen namelijk ook toevallige patronen te vinden zijn, variabelen die in
de dataset toevalligmet elkaar samenhangen, maar inwerkelijkheid geen
verband met elkaar houden. Het is dus belangrijk om de resultaten niet
te overinterpreteren en na te gaan in hoeverre de beschreven patronen
toevallig zijn, of daadwerkelijk inzicht verscha�en in het kijkgedrag van
baby’s en volwassenen.

Hoofdstukken 5 en 8 in dit proefschrift zijn behoorlijk exploratief van
aard, maar desondanks kunnen we er toch op vertrouwen dat het hier
robuuste resultaten (en geen toevalsbevindingen) betreft die zeer waar-
schijnlijk in vervolgonderzoek gerepliceerd kunnen worden. De reden
hiervoor is dat de kijkpatronen van volwassenen een zeer sterkemate van
gelijkenis vertonen met de kijkpatronen van volwassenen gerapporteerd
in andere studies. Het feit dat mensen met verschillende nationaliteiten,
in verschillende landen, in verschillende labs dezelfde karakteristieken
in hun kijkgedrag hebben, geeft aan dat dit basale karakteristieken zijn.
De nieuwe baby data die in dit proefschrift is gepresenteerd geeft hier-
voor verdere ondersteuning en sluit ook weer goed aan bij de weinige
studies die er naar het kijkgedrag van baby’s naar alledaagse plaatjes
gedaan is. Al met al, geeft dat genoeg vertrouwen om te kunnen conclu-
deren dat het vrij kijken naar alledaagse plaatjes in grote mate gestuurd
wordt door basale processen zonder dat daar veel cognitie aan te pas
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komt.

10.9 Conclusie

Het doel van dit proefschrift was tweeledig. Ten eerste inzicht krijgen in
de factoren die de visuele aandachtsontwikkeling van baby’s kenmerken.
Ten tweede om met de kennis over het kijkgedrag van baby’s meer in-
zicht te krijgen in de factoren die het kijkgedrag van volwassenen sturen.
Vanuit het volwassenen onderzoek was bekend dat onze aandacht voor-
namelijk getrokken wordt door objecten, maar of dat komt doordat deze
objecten betekenisvol zijn of de aandacht trekken op basis visual saliency
is een open vraag. Voor baby’s is het in ieder geval onwaarschijnlijk dat
de aandacht gestuurd wordt door achtergrondkennis, context, of de be-
tekenis van objecten aangezien die kennis zich nog (in grote mate) moet
ontwikkelen. De verwachting was dan ook dat we een ontwikkeling
zouden kunnen waarnemen waarbij het kijkgedrag zich ontwikkelt van
meer gedreven door visual saliency, naar meer gedreven door hogere
orde processen zoals kennis en context.

Dit ontwikkelingse�ect is ook gevonden, zo bleek uit Hoofdstuk
6 dat baby’s meer naar locaties gingen kijken waar volwassenen veel
kijken naarmate ze ouder worden. Ook bleek uit Hoofdstuk 7 dat de
bekendheid die oudere baby’s met objecten hebben er voor zorgt dat ze
sneller en vaker naar die objecten kijken, terwijl bij jongere baby’s juist
de visual saliency van objecten een betere voorspeller van het kijkgedrag
was. Hoewel dit ontwikkelingse�ect er is, moet dit ook voorzichtig geïn-
terpreteerd worden. De e�ecten zijn namelijk relatief klein, zeker in de
context van de overeenkomsten tussen het kijkgedrag van volwassenen
en baby’s.

Een belangrijke bijdrage van dit proefschrift is dat het laat zien dat
het kijkgedrag van baby’s en volwassenen op elkaar lijkt. Zo bleek dat
baby’s ook de horizontale en centrale bias hebben en dat ook de aandacht
van baby’s vooral door objecten getrokken wordt. Daarnaast zitten er
allerlei dezelfde afhankelijkheden in de kijkpatronen van volwassenen
en baby’s. Zo hangt de �xatieduur samen met de �xatielocatie binnen
objecten, met de richting van de volgende saccade en met de richting-
verandering van saccades. Het feit dat de kijkpatronen van baby’s en
volwassenen een sterke gelijkenis vertonen maakt het aannemelijk dat
hier ook dezelfde factoren aan ten grondslag liggen. Aangezien baby’s
nog niet de kennis en ervaring hebben om hun kijkgedrag te sturen lijkt
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het dus waarschijnlijker dat zowel het kijkgedrag tijdens het vrij kijken
naar alledaagse plaatjes voor zowel volwassenen als baby’s in grote mate
gestuurd wordt door basale factoren.
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