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ABSTRACT

WHAT CAPTURES OUR ATTENTION? HOW
COMMUNICATIVE AND NON-COMMUNICATIVE
ACTIONS BY HUMAN AND ROBOT AGENTS
INFLUENCE VISUAL ATTENTION UNDER
PERCEPTUAL LOAD

Tuvana Dilan Karaduman
M.S. in Neuroscience
Advisor: Burcu Aysen Urgen
August 2025

This study investigated how agent type (human vs. robot), communicativeness
(communicative vs. non-communicative), and perceptual load (low vs. high)
interactively influence visual attention and task performance. A 2 (Agent) X
2 (Communicativeness) x 2 (Perceptual Load) within-subjects design was em-
ployed with 34 participants. To examine attentional allocation under perceptual
load, Areas of Interest (AOIs) were defined for the central letter array and the
peripheral agent videos. Behavioral performance (reaction time, accuracy) and
multiple eye-tracking metrics (total dwell time, dwell time per fixation, first fix-

ation latency, saccadic velocity, pupil dilation) were analyzed.

Behavioral results confirmed the effect of the perceptual load manipulation,
with participants being significantly less accurate and slower in high-loaded con-
ditions. In the presence of a distractor, reaction times and accuracy were further
modulated by significant interactions between agent, perceptual load, and com-
municativeness. Eye-tracking analyses revealed that initial orienting was driven
by the communicativeness and perceptual load, when communicative cues cap-
tured attention faster only under high load. Dwell time per fixation remained
stable across the conditions. On the other hand, total dwell time revealed a criti-
cal three-way interaction. Under high load, communicative actions performed by
humans increase total dwell time, whereas if the action is performed by a robot,
dwell time decreases. Pupil data supported this, indicating that under high load,
non-communicative actions required more cognitive effort than the communica-
tive ones. Initial orienting of eye metrics was guided by task demand; overall
engagement with the nature of the action is a product of a complex and sensitive
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cognitive process sensitive to perceptual load. Robotic social cues are processed

dissimilar compared to human ones.

Keywords:  Visual Attention, Perceptual Load Theory, Biological Motions,
Human-Robot Interaction, Eye Tracking, Distraction .



OZET

DIKKATIMIZI NE CEKIYOR? ROBOT VE INSAN
TARAFINDAN YAPILAN ILETISIM ICEREN VE
[CERMEYEN HAREKETLERIN FARKLI ALGISAL
YUK KOSULLARINDA GORSEL DIKKAT
INCELEMESI

Tuvana Dilan Karaduman
Norobilim, Yiiksek Lisans
Tez Danigmani: Burcu Aysen Urgen
Agustos 2025

Calismamizda bir harf arama gorevi sirasinda gorsel dikkatin nasil etkilendigini
incelemek amaciyla aktor tiirii (insan veya robot), hareketin iletigimselligi
(iletigimsel veya iletigimsel olmayan) ve algisal yik (diigiik veya yiiksek)
faktorlerinin etkilesimini hem davranmigsal (tepki siiresi, isabet orani) hem de goz
izleme (toplam bakig siiresi, her bir fiksasyon bagina diigen bakig siiresi, sakkadik
hiz, ilk fiksasyon gecikmesi, g6z bebegi biiylimesi) Olgiimleriyle aragtirilmigtir.
GO0z hareketleri, EyeLink 1000 Plus sistemi (SR Research, Kanada) kullanilarak
1000 Hz ornekleme hiziyla kaydedilmistir. ﬂgilenilen alanlar, algisal yiik
teorisi kapsaminda merkezi harf dizisi ve c¢evresel aktor videolari etrafinda
tanimlanmistir. Caligma, 2 (Aktor) x 2 (Tletisimsellik) x 2 (Algisal Yiik) dizayn
ile yiiriitiilmis ve beg okiillomotor degigken iizerinde tekrarl 6lgiim ANOVA’lari

yapilmigtir.

Dikkat dagitici igermeyen denemelerin tepsi siiresi ve isabet oranlari, algisal
yilkk manipiilasyonunun etkisini dogrulamigtir, katilimecilar yiiksek yiik kogulunda
istatistiki olarak anlamli bir sekilde daha yavasg tepki vermis ve daha az isabetli
yanit vermiglerdir. Dikkat dagiticilarin varliginda, reaksiyon siireleri ve dogruluk
oranlari, aktor, algisal yiik ve iletisimsellik arasindaki anlamli etkilesimlerle
sekillenmistir. Goz izleme analizleri ilk fiksasyon gecikmesinin iletigimsellik
ve algisal yiik tarafindan etkilendigini, iletigimsel aksiyonlarin sadece yiiksek
yilkk kogulunda dikkatin daha hizli yakalandigini ortaya cikartmistir. Fiksasyon
bagina bakig siiresi, kogullar arasi sabit kalmigtir. Toplam bakig siiresi, an-
lamli bir ticlii etkilegimi ortaya ¢ikartmis; yiiksek yiik altinda insanlar tarafindan
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gerceklegtirilen iletisimsel eylemlerin toplam bakig stiresini arttigi durumda, eylem
robot tarafindan gergeklestirildiginde bu siire azalmigtir. Goz bebeginde yapilan
biiyiime analizleri bu bulgulari desteklemis, yiiksek yiik altinda iletigim igermeyen
eylemlerin iletigim igeren eylemlere kiyasla daha fazla biligsel ¢aba gerektirdigi
gozlemlenmigtir. Dikkat algisal yiik tarafindan yonlendirilmektedir ve aktor ile
olan etkilegim, algisal yiike gore degisebilen karmasik bir biligsel stirecin iiriiniidiir.
Robotlarin sergiledigi aksiyonlarin, insanlardan gelen sosyal ipuclarindan farkh

sekilde islenmesi s6z konusudur.

Anahtar sozciikler: Gorsel Dikkat, Algisal Yiik Teorisi, Biyolojik Hareket, Insan-
Robot Etkilegimi, Goz Izleme, Dikkat Dagitic1 .
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Chapter 1

Introduction

Every day, humans encounter enormous amounts of incoming information from
the environment, regardless of their complexity, most of which requires atten-
tion. Attention refers to the process of selecting stimuli while inhibiting other
information from the environment. The amount of information coming from the
environment is more than a person’s ability to process. With this amount of
information, our perceptual system will be overloaded without a selection system
for attention. The environment is full of potential distractors, ranging from other
humans to inanimate objects. Although eliminating all distractions is unfeasi-
ble, trying to understand how humans select where to direct their attention and
how attention is distracted remains a question for attention research. To explore
how this process works, the visual domain of the research can be easily focused
on, where the examination of the mechanism is much more feasible than other

perceptions.

Visual attention is a cognitive process that enables individuals to focus on
and process visual information within their environment selectively. This selec-
tive process determines which visual stimuli are consciously perceived and acted
upon, while unattended inputs remain unprocessed or suppressed from awareness.
This selection can be active or passive, but the information that enters the visual

system is still huge [1]. Sixty-seven years ago, Broadbent [1] proposed a model



for perception called the Selective Filter Theory, which argues that basic physical
features of the stimuli are temporarily stored in the human brain, but the abstract
meaning of the stimuli has a limited but not predetermined amount of capacity.
Because of this limitation, filtering the selected stimuli and regressing out others
to match capacity is named early selection models for attention, which either fil-
ter or attenuate the unintended stimuli [1-3]. The early models provided a good
base for explaining unattended information that remains unknown to the sub-
jects. Most of the evidence for the early selection model comes from the dichotic
listening paradigm, where the left and right ears are presented with different
stimuli, and the subject has to report information only coming from the attended
ear, which cancels out the unattended ear [4]. In contrast, rather than these
findings, galvanic skin response increased if the participant encountered a sound
previously presented with an electrical shock [5]. This indicates that unattended
stimuli are not fully canceled out by perception. In 1959, Moray found that the
unattended information may proceed beyond the simple physical level, and the
subject can identify their names when they hear it from the unattended ear [6].
Whereas late selection models alternate the hypothesis that selection occurs after
getting all the semantic and physical input [2]. Pashler argued that there is no
filtering process of the whole unattended stimuli, but there is a difference in the
way these two are processed [7]. Kahneman criticized the previous perspectives
through the attention as a selective mechanism and argues that attention has
limited resources, and current research at that time gave participants enormous
amounts of information at one time, relevant and irrelevant information is not
discriminated [8]. After the debates about the early selection and late selection
models, combined models were studied with simpler tasks and fewer stimuli, and
it was suggested that the filter can be a shifting system rather than a constant

filter due to the task demands [9)].

1.1 Perceptual Load Theory

Bottleneck theories, named early and late selection models, are important

for understanding the nature of attention, what is being unattended, and the
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processes behind it, as examined by differences in physical characteristics of the
attended and unattended channels. The research shifts from the central problem
to the physical distinctions in research, especially the characteristics of the stimuli
as their relation to the central attention and relevance of the stimulus, rather than
the amount of load [10,11]. Color, size, and location of the stimuli are found to
have an effect on the selection process [12]. In the famous 1995 paper, Nilli
Lavie argues that this physical distinction retains its importance, but relevance
is essential too. More relevant stimuli may help individuals to process more,
but it does not mean that less relevant stimuli remain unprocessed. Perceptual
processing has a capacity, and in order not to exceed this capacity, selective
processing comes into play. If the demand of the stimuli stays below the level of
the capacity, the remaining cognitive resources may be used to process irrelevant
stimuli too [11]. In between the early and late selection models, in perceptual
load theory, the process never stops until the capacity of the attentional resources
is no longer available to process more information coming from the environment.
In that sense, both internal (cognitive load of a person) and external (physical
characteristics of the stimuli) work simultaneously. At the behavioral level, a load
of the task can be differentiated in three ways: changing the task, the number of
tasks, or the relevance of the stimuli. The option of changing tasks is beneficial
in situations where stimuli stay constant since the task is changing not according
to anything related to the stimuli [13]. Where the number of items manipulated,
low-load conditions have fewer items than high-load conditions [14], and third,
the target and non-items’ similarity may be manipulated; when the similarity
increases, the load of the task increases. Trying to find the letter ”X” surrounded
by similar angular letters, such as "V” or ”"Z” is considered to require a higher
perceptual capacity than trying to find the letter ” X” surrounded by a dissimilar
letter 7O” [13]. Information and procedure about the letter search paradigm are

explained in the next section, Letter Search Task.
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Figure 1.1: Resources in (a)Low-load and (b)high-load tasks according to percep-
tual load theory. The complexity of the task increases the amount of allocated

space on cognitive resource capacity. Reprinted from [15] with permission.

1.2 Letter Search Task

A widely adopted method for examining selective attention and distraction is
the letter search task, a form of visual search in which participants identify a
predefined target letter (e.g., ”X” or "N”) presented among nontarget distrac-
tors. The task requires participants to scan an array of letters and report the
presence or absence of the target as quickly and accurately as possible. It al-
lows attentional resources to be used on different perceptual load (low-load vs.
high-load) intercepts. In low-load conditions, nontarget letters are homogeneous
and easily distinguishable from the target letter, allowing cognitive resources to
process other stimuli rather than the main task. In contrast, high-load conditions
have heterogeneity among distractors, increasing task difficulty and reducing the
likelihood of processing irrelevant information [11,15]. This paradigm has been
instrumental in testing models of attentional capture, especially in dual-task sce-
narios. Peripheral or centrally presented distractors, visually salient but irrele-

vant, can be introduced during the letter search to examine the degree to which
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attention is involuntarily drawn away from the target, depending on factors such
as perceptual load, individual differences, or semantic relevance [16,17]. Crucially,
the letter search task enables manipulation not only of perceptual difficulty but
also of top-down control settings. Depending on whether attention is allocated
based on the features of the stimuli or the spatial conditions, the impact of the
distractors may change, and the aim is to evaluate how task-irrelevant stimuli
can capture attention [9,18]. In the current study context, the letter search task
served as a controlled attentional baseline against which the influence of noncen-
tral, socially meaningful distractors, such as robots or human agents, could be
assessed. We aim to clarify how attentional prioritization unfolds under different
cognitive demands by varying perceptual load and the communicative nature of

peripheral stimuli.

Fixation Distractor Peripheral Distractor
N N
Central o - o o
Circular X X
Array o o o o
o o
N N
Peripheral & - & 5
Circular X X
Array ° ° ° °
o o

Figure 1.2: Fixation and Peripheral Distractors with Central Circular Array and
Peripheral Circular Array. A central circular array with a peripheral distractor

was used in the current study. Reprinted from [15] with permission.



1.3 Attention: Top-down and Bottom-up

What we see and what we can act upon are shaped by attentional mechanisms.
According to Posner, attention can be endogenous or exogenous. In endogenous
attention, goal-driven attention was applied, with the subject in control of the
channeling of the attention [19], also mentioned in the literature as ”top-down”
attention [20]. A student who is focused on the board while listening to the
teacher uses a top-down attention process. In contrast, exogenously driven at-
tention is an external force that draws the subject’s attention in a ”bottom-up”
manner [21,22]. If a colleague drops his keys and suddenly our gaze is directed
to the location of the sound, it has a bottom-up nature. Even though they are
different mechanisms behind them, they interact to understand the surround-
ings, too [23,24]. Also, the neural correlates of those mechanisms have quite a
distinctive pattern. Bottom-up attention originates in early visual cortices from
V1-V4 and is presented in parietal (PPC, LIP) and prefrontal (PFC, FEF) ar-
eas. Saliency feature-specific maps for color, orientation, etc, are associated with
bottom-up attention. On the other hand, top-down attention originates from the
PFC and modulates the sensory feedback mechanism. Inhibition of the distrac-
tors, filtering, and selection of targets are associated with the top-down process.
Both attention types have an effect on overlapping frontoparietal circuits and are
intertwined rather than two distinct systems [25]. Regardless of the environment,
internal control of where to attend as top-down processes determine which in-
formation will be prioritized and which is not [9,26]. Unattended stimuli may
allocate attention due to remaining capacity. In that sense, late attention theories
come into play because inhibition of a stimulus likely occurs in later stages of per-
ception [27,28]. There are three different components to perform a task: effort,
capacity, and allocation procedure. His arguments guide us to examine the volun-
tary (top-down) and reflexive (bottom-up) processes of attention by emphasizing
the role of arousal [29]. These foundation models of attention emphasize differ-
ent mediums for selection, limits of attention, and allocation strategies, shaping
our understanding of visual attention dynamics and how its multi-layered nature
functions in real-world situations based on stimulus, internal resources, and goals.

Eye tracking metrics as an objective measure are a crucial tool for understanding
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these mechanisms by providing real-time insight into overt attention shifts and

possible cognitive resource allocation.

Distractor interference in perceptual load is a well-established phenomenon in
the literature. Due to increased task difficulty, high-load tasks have more errors
and longer reaction times when compared with low-load tasks [14]. In contrast,
Yeshurun and Marciona did a study with target and distractors, just distractors
and just target, and results reveal that low and high distractors were found to
have similar effects [30]. Another aspect of the distractors is distractor inhibition,
a result of negative priming in low-load tasks, the negative priming effect, but

when the load was increased, the effects diminished [28, 31, 32].

Functional magnetic resonance imaging (fMRI), electroencephalography
(EEG) and studies that used simultaneous EEG and fMRI showed neural cor-
relations modulated by the load level of the stimulus [33-36]. In a study with
moving distractors, the number of syllables of the stimuli was a high load, or the
decision between upper- and lower-case words presented, while there were moving
distractors in the background. In high load conditions, compared to low load,
where distractors in the background evoked potentials in the areas MT, V1, V2,
and Vb5, responses were reduced in the brain, supporting the load theory. In the
same manner, in high-load parahippocampal activity was reduced for distractors
compared to low-load trials. Since the parahippocampal gyrus is related to mem-
ory, and after many trials, repetition of the distractors occurs, it can be said that

the brain is affected in low-load trials because of repetition of the stimuli [37].

Relevant and irrelevant distractors showed a similar effect for load theory. In
2008, Forster and Lavie used cartoon characters as distractors as they argued
that ignoring meaningful distractors is hard compared to meaningless (cartoon
characters), using relevant and irrelevant distractors has similar effects, both can
be modulated by perceptual load [38]. The faces were then used, as they have
high social information, and neuroimaging studies support this suggestion [39].
In the same sense, perceptual load theory applies to celebrity faces, whereas non-
face and animal distractors are applied [40,41]. Because of these contradictory

results, researchers suggest that the effect might be a product of familiarity rather
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than the importance of human faces. To investigate that, car, bird, and music
experts examined whether these different results about the faces come from the
social relevance 1f faces or humans’ expertise in human faces, under a high-load

perceptual task, familiar items have an effect for experts [42,43].

1.4 Communicative Actions

Allocation of attention conditioned by social stimuli is named social atten-
tion [44]. Social attention examples can be found through attending to a socially
meaningful stimulus or attending to a socially cued stimulus. This communica-
tion can of course be spoken, but an unspoken version of a communication may
carry the meaning too [45]. For example, a friend’s gaze direction includes a so-
cial meaning. Observable cues about gaze or pointing behavior were well studied
in current literature because of the importance of others’ attentional directions,
which is an important cue for human beings [46]. Those cues are important for
social organisms like humans since they may provide fruitful information about
the environment, avoiding danger, collaborating with others, and humans’ ability
to achieve their goals [47]. Perception of a person, social discrimination, and so-
cial structures can be significantly influenced by the way allocation of attention
works [48]. Orientation of attention refers to the direction of another person’s
movement, often conveyed by the pointing behavior [49]. Attentional engage-
ment refers to the use of attentional resources by looking at something or someone
in order to get information about it [50,51]. Attentional communication refers to
signaling another entity by gaze directions and movements [52,53]. In addition
to eyes, other non-verbal communicative cues such as pointing can affect how hu-
mans’ attention is allocated and perform under different conditions [54]. In 2016,
Admoni proposed that non-verbal behavior and memory performance increased,
and completion time decreased when the task was challenging. In contrast, in easy
tasks, nonverbal communicative cues have a decreased effect. Communicative ac-
tions increase attentional value with cognitive demand, and the modulation of

attention in perception can be influenced by the cognitive demand of the context.



The well-studied area of communicative actions, explored in cognitive level
psychology, is how the gaze direction of others influences one’s attentional system,
both at the behavioral and psycho-physical levels. Previous studies suggest that
a directional gaze is processed differently than other directional cues, such as
arrow signs [55,56]. The studies conducted with functional magnetic resonance

imaging, eyes, and other social cues activate the brain in different pathways [56].

Understanding the meaningful exchanges between humans and robots in every
medium is crucial [57]. Robot nonverbal cues can be divided into subcategories
such as body movements, the usage of social space, and eye gaze of a robot [58].
Within these different media, specific information can be conveyed through com-
municative actions, such as pointing, representing an action, or mimicking an
abstract concept, which can be an intentional design [59]. Also, the eye gaze of
a robot can signal interpersonal intent [60]. A growing body of research demon-
strates that using these communicative behaviors influences how humans frame
the robot and affects the understanding of emotional capability while improving

the collaborative nature between human and robot [61]

1.5 Robots as Distractors

The presence of robots has been a fascinating branch of technology and science
fiction, and since the Industrial Revolution, it has been driven by the rapid devel-
opment of technological breakthroughs. This presence has occupied humanity’s
agenda and has now also begun to be a part of people’s daily lives in different
forms, from the eighteenth century to today’s machines. The evolution of robots
aligns with human invention. From steam-powered machines to robots, human
horizons revolved while horizons revolutionized them, too. Day by day, robots’
inclusion in daily life increases in every form, whether social or mechanical robots,
regardless of where they are going to be used in healthcare, logistics, education,
and domestic settings. A wide range of robotics systems is used, ranging from
surgical assistants to vacuum cleaners [62,63]. This inclusion raises a fundamental

question for the future of human-kind robot interactions. Deviating from original
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Isaac Asimov’s thoughts about the presence of robots preserves its importance
and drives the research [64] by questioning the trust in robots and their rela-
tionship with humans. Answers to the questions will shape our future, not only
devices in the home but also the research agenda for engineers, designers, and
scientists as well. In this sense, human-robot interaction and its application are a
highly interdisciplinary aspect of the future of robots. Human-robot interaction is
not driven by one aspect, and it is cumulative through knowledge of engineering,

computational methodology, psychological insight, and social aspects.

Physical and social capabilities are a distinctive way to distinguish traditional
robots from socially active robots. Building or manipulating a physical being is
named conventional robotics, whereas HRI investigates the role of the robot in the
real world in a social context. HRI differs from the mechanical way of monitor-
ing robots and gives room for understanding the psychological and sociological
aspects. As an interdisciplinary work field, HRI also affects human-computer
interaction, philosophy, design of technology, and artificial intelligence. Collab-
orative development of all these methodologies enables researchers to tailor new

methods and theoretical frameworks.

What truly distinguishes HRI is its emphasis on embodied social
agents—robots that people perceive not merely as tools but as interactive part-
ners endowed with cultural significance. The physical form of a robot imposes
constraints on sensing and action, yet it also affords rich opportunities for social
engagement. When a robot’s appearance and motion mimic human gestures or
expressions, people naturally apply their existing knowledge of social interaction,
but they may also become frustrated if the robot fails to meet those expecta-
tions. Ultimately, HRI is concerned with designing robotic systems that operate

effectively across diverse real-world settings.

Most of the robot’s design features are made from an anthropocentric point of
view; robots resemble the nature of the human body and the human mind. As
a result of the growing nature of human-robot interaction, technical and design-
related qualities should be examined in these embodied agents in order to under-

stand how humans react to these agents and strive to be more humanoid day by
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day.

As robots evolve beyond mere instruments into collaborators, friends, tutors,
and daily assistants, HRI research must address not only the physical and social
design of these technologies but also their cultural integration to the world, orga-
nizational implementation, and broader societal impact questions that transcend

the scope of any single parent disciplines such as the view from engineering and

psychology.
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Figure 1.3: Image of Pepper robot (2014-present), 121 cm tall humanoid robot.

Interaction with humans is enabled by the robot’s voice and tablet.
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1.6 Eye-tracking as a Tool for Measuring Visual
Attention

Eye tracking is a widely used method in behavioral and cognitive sciences that
detects oculomotor data during various tasks, primarily visual. The cognitive
effort, attentional mechanisms, and perceptual load can be examined through
real-time eye tracking. The allocation of visual resources between different set-
tings is objectively quantified by tracking the different oculomotor activities of
human gaze data. Eye tracking research uses different metrics in oculometric
research: pupilometry, fixations, saccadic velocity, total dwell time, dwell time

per fixation, and first fixation onset.

Differences in pupilometry are often associated with mental workload. Task
difficulty has been found to have an effect on pupil size, and this effect can be seen
across the different levels of difficulty and individual differences [65]. The strength
of the effort can be understood better by pupil size, but the origin of the effort
remains unclear; perceptual and cognitive demands should be distinguished by
the different loads. To solve this problem, researchers have begun to use fixation-
based oculomotor metrics instead of pupilometry. Findings are contradictory;
some studies suggest that high load fixation duration increases [66], and others

report a decrease in fixation duration [67].

Fixations refer to brief relative pauses in eye movements, typically lasting more
than 100ms, and encounters with active processing of visual information of the
gaze direction [68,69]. This gaze direction indicates where attention is directed
in the current visual field and where it is observing information of attention.
Reflecting the perception of information and active cognitive processing makes

fixations a main indicator of where overt attention is focused [70, 71].

Saccadic velocity is the peak speed of fast eye movements between fixations
called saccades. Search behavior and attentional engagement can be examined
by these fast movements of the gaze. Fast saccadic velocity often indicates the

task is demanding, indicating search behavior in the visual field and attentional
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shift [72, 73]. Peak saccadic velocity increases when task difficulty increases.
Earlier findings suggest that when the task is more effortful and increases the
attentional load, faster saccades are made [74]. Saccadic eye metrics, especially
velocity of the saccades, reveal the efficiency of the visual search and physio-
logical effort for the task and possible attentional shift toward main tasks to
distractors [70,71].

Total dwell time is the cumulative duration of the fixations and all gaze move-
ments in a given specified area called the Area of Interest (AOI). Defining AOIs is
an important part of the analyses; focusing on specific regions of a given stimulus
enhances the quality of the research. Which AOI is visited first, and fixation
duration gives valuable information about the prioritization of the stimuli and
also which part is suppressed [75]. A study with experts revealed that when
compared to radiologists and naive participants, fixations are faster and directed
onto lesions, whereas naive participants have different facial areas with less cor-
rect identification [76]. Using total dwell time, measure the overall attentional
investment [77,78]. General cognitive engagement and sustained attention are

reflected by total dwell time spent in a specified region of interest [70,79].

Dwell time per fixation, also named mean fixation duration in some papers, is
found by dividing the total dwell time by the number of fixations. In that sense,
information about each fixation can be understood [79]. The duration of fixa-
tion was found to increase in some studies, whereas some studies show different
trends, such as decreasing fixation times with various loads. By manipulating the
fall speed of the tetris blocks, Mallick and colleagues found that fixation duration
decreased as load increased, and the Tetris game became challenging [80]. Under
high load conditions, dwell times increase while the frequency of the fixation du-
ration decreases. The nature of individual fixation information can be understood

by analyzing how each fixation is allocated during visual intake [81].

The first fixation onset, the time of the first fixation, is measured by the time
interval that passes between stimulus onset and the participant’s first fixation on
target AOI(s). It gives insight into how quickly attention is oriented to the task

or predetermined target, which can be salient or task-relevant [82]. A shorter first
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fixation latency indicates a faster orientation of a response, often influenced by
bottom-up salience of the stimuli or the top-down attentional goals by prioritizing

a specific stimulus [70, 71].

Altogether, understanding the nature of human gaze metrics allows for atten-
tion research. Within an AOI, where the first fixation happens, the number of
visits and total dwell time within the AOI through the fixation are fine-grained
measures for how attention is directed in a task. Moreover, attention and usage
of cognitive resources can be explored by oculomotor metrics and give a stable
ground for application in neuroscience, particularly in terms of how different per-
ceptual loads affect engagement with human-robot interaction. In addition to
this engagement, theories of cognition and real-life encounters of human-robot

interaction can be examined by how, when, and why attention is directed or

suppressed.

Figure 1.4: Image of EyeLink 1000 Plus device in our research center, UMRAM

(National Magnetic Resonance Research Center, Ankara, Turkey).
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1.7 Motivation and Hypothesis of Current
Study

1.7.1 Main Effect of Perceptual Load

It is hypothesized that low perceptual load leads to faster reaction times, in-
creased accuracy, and more fixations on distractor stimuli compared to high-load
conditions. This aligns with perceptual load theory [15]. Since this hypothesis is
grounded in previous research, it is expected to replicate similar results. In low-
load trials, attention is expected to be spilled over to distractors when compared
to high-load trials.

1.7.2 Main Effect of Agent Type

Human distractors are expected to impair task performance more than robot
distractors, resulting in slower reaction times, reduced accuracy, and increased
number and duration of fixations on human agents due to their enhanced social
relevance [83,84]. Previous studies have shown human faces have a tendency to
attract more attention; our hypothesis was derived through these results, but it is
a relatively novel hypothesis since we compare humans and robots under different

perceptual loads, and our stimuli are biological motions, not just faces.

1.7.3 Main Effect of Action Type

Communicative actions are hypothesized to draw more attention than non-
communicative ones, leading to longer reaction times and decreased accuracy.
These actions are also expected to elicit more saccadic movements and prolonged
dwell times due to their social and intentional salience. These hypotheses are
derived from the literature [85].
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1.7.4 Interaction between Perceptual Load and Agent
Type

It is anticipated that under high perceptual load, attentional resources will
be more narrowly focused, reducing distractor processing, particularly for robot
agents. Human distractors may still elicit some interference due to facial and
social relevance for the human faces, but overall fixation time on distractors is
expected to decrease as load increases. Literature for perceptual load is expected

to interact with our novel hypotheses for communicative actions.

1.7.5 Interaction between Perceptual Load and Action

Type

Under low perceptual load, communicative distractors are expected to interfere
with task performance more than non-communicative distractors, as their inten-
tional and social content competes for limited cognitive resources. This is derived

from the perceptual load theory and our novel hypothesis about the action type.

1.7.6 Interaction between Agent Type and Action Type

Communicative actions performed by human agents are predicted to elicit the
most excellent attentional capture, resulting in the highest fixation counts. In
contrast, non-communicative actions by robot agents are expected to have the
least influence on task performance and oculomotor behavior. Human agent
are inherently salient stimuli for the human visual system due to their biological
appearance and natural movements [86,87]. This natural predisposition to human
actions may contribute to the prediction that communicative actions performed
by humans may elicit the most prominent capture of attention. On the other
side, non-communicative actions performed by robot agents are expected to have

the least effect on behavioral and oculomotor behavior since they have decreased
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salience when compared to human agents.
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Chapter 2

Materials and Methods

In line with best research practices and to ensure complete transparency, our
study was reviewed and approved by the Ethics Committee at Thsan Dogramaci
Bilkent University. Before beginning data collection, we preregistered the exper-
iment on the Open Science Framework, where the complete raw dataset is freely
accessible [88].

2.1 Participants

Thirty-four healthy young adults (21 female) aged between 18 and 41 years (M
=24.67, SD = 2.86) participated in the study and were all native Turkish speakers
or equally proficient. All of the participants reported normal or corrected-to-
normal vision and had no known history of neurological or visual impairments;
individuals with color or vision impairments were excluded, though those using
soft or hard contact lenses were admitted. Participants were screened for co-
comorbidities and major neurological disorders via a consent form questionnaire.
The number of participants was not determined by a formal power analysis but
instead informed by previous eye-tracking and attention-related studies employing

similar within-subject designs. To ensure robust statistical power and account for
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variability, we recruited a larger sample size than several comparable studies in the
eye-tracking field. Informed consent was obtained and signed by all participants

prior to the experiment.

2.2 Stimuli and Experimental Design

The experiment consists of two different kinds of stimuli: a main letter search
task and peripheral distractor stimuli. The task stimuli consisted of six letters,
and the structure of the experiment is detailed in 2.3.Procedure section. The
distractor stimuli were either a video of a human or a video of a robot. All of
the videos were selected from the HR-ACT (Human-Robot Action) Database:
Communicative and Noncommunicative Action Videos Featuring a Human and
a Humanoid Robot [89]. Actions consist of two types of action: communicative
and noncommunicative. For communicative and noncommunicative actions, four
actions for each of them were selected for the peripheral distractor video, both
performed by a human and a robot, for a total of 8 videos (See Table 2.2 and
2.3 ). All of the stimuli were presented on a 1920x1080 resolution computer
screen at 60 Hz. The experiment was programmed in MATLAB 2024b using
Psychtoolbox extensions. Visual stimuli (main letter search task and distractors)
were shown against a grey background. Peripheral video stimuli were displayed

using pre-loaded .mp4 files.

Oculomotor data were recorded using the EyeLink 1000 Plus system (SR Re-
search, Canada) at a sampling rate of 1000 Hz. Raw data were stored in the EDF
(EyeLink Data File) format. Only the right eye was tracked, and analyses focused
on fixation-based metrics (total dwell time, dwell time per fixation, fixation on-
set latency) and saccadic velocity and pupil dilation. The eye-tracking system
was connected to a dedicated computer for data acquisition, while the experi-

mental task was administered via a separate computer using MATLAB (version
2024B) [90].

Participants were seated approximately 123 cm from the display screen, with
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head movements minimized using a chin and forehead rest. Eye-tracking cali-
bration and validation were conducted using a standard 3x3 point grid for cali-
bration and validation of eye metrics. Eye movement data were recorded under
both distractor-present and distractor-absent conditions. In distractor presence
conditions, these stimuli depicted a human or robot performing either a com-
municative or noncommunicative gesture. For each trial, accuracy and response
were recorded separately with gaze data. The letter search task and distractors
remained on the screen for one second; participants had one second to respond
by pressing a key during this one second. There was a one-second interstimulus

interval between each trial.

In the low-load condition (See Figure 2.2), each trial began with a central fix-
ation cross presented for 1000 ms. Following a 100 ms delay after the fixation
onset, a circular array of letters appeared for 1000 ms. Once the fixation point
changed color (black to white), participants were instructed to identify and re-
spond to the target letter (either X or N). If no response was recorded within
1000 ms of fixation offset, the trial was automatically terminated, and the next
trial commenced. After each trial, regardless of accuracy, the fixation cross reap-
peared in white, initiating the subsequent trial. The same procedure applies to
the high-loaded condition (See Figure 2.1).

In the low-load conditions, the target letter is surrounded by the letter “O,”
whereas in the high-load conditions, the target letter is surrounded by letters
more similar to target angular letters ( H, W, V, M, Z; see 2.1). The higher
similarity of the non-target letters in the high-load task is intended to increase

the perceptual load and make it affordable relative to the low-load task.

2.3 Data Collection

After entering the room, participants were asked to sit in front of a 23-inch
monitor and place their head on the chinrest to ensure the distance of 123 cm

from the screen with their head stabilized using a chinrest, is fixed for every
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participant and place their hand at the keyboard on the letters “X” and “N”. At
the beginning of the session, the EyeLink eye-tracking system was calibrated using
a standard 9-point calibration procedure. Each trial began with a fixation display
(white crosshair at center), followed by a 1-second presentation of a target letter
(“X” or “N”) among distractor letters at one of six fixed locations surrounding
the center. The letters “X” or “N” are always presented in the main task, and
there is no trial type where “X” or “N” is simultaneously absent or present.
Participants were maintained in a fixation on central fixation and asked to respond
as accurately and as fast as possible, whether the target letter was “X” or “N,”
by pressing the corresponding key on the keyboard. Simultaneously, a 1-second
video stimulus was shown on either the left or right side of the main letter search
task, depending on the condition. Distractors can be present or absent in each
trial in a pre-determined sequence, with a ratio of 50% of the trials consisting of
any distractor called no-distractor trials. The experimental procedure comprised
a total of 768 trials, with these trials systematically distributed across 10 distinct
blocks (specifically, eight blocks contained 77 trials and two blocks contained
76 trials, totaling 768 trials). These distractor trials were equally distributed
among the eight experimental conditions (2 Agent Type x 2 Communicativeness
x 2 Perceptual Load), resulting in approximately 6-7 trials per specific distractor

condition within each block.

The experiment was designed based on a within-subjects factorial design, sup-
plemented with baseline trials. The primary design consisted of three factors: 2
(Agent: Human vs. Robot) x 2 (Communicativeness: Communicative vs. Non-
communicative) x 2 (Perceptual Load: Low vs. High). In addition to these eight
distractor conditions, baseline trials with no distractor were included under both
low and high perceptual load to measure task performance in the absence of a

social agent.

The design was fully balanced. The total number of trials and their distribution
across all conditions are detailed in Table 2.1. In total, participants completed
768 trials, with each of the eight distractor conditions appearing 48 times and

each of the two baseline (no distractor) conditions appearing 192 times.

21



2.4 Descriptives and Analysis

Table 2.1: Presentation frequency and percentage of all experimental conditions.

Condition Trials Shown (%) N Trials
No Distractor (Null)
Low Load 25.0% 192
High Load 25.0% 192
Human Distractor
Communicative — Low Load 6.25% 48
Communicative — High Load 6.25% 48
Non-Communicative — Low Load 6.25% 48
Non-Communicative — High Load 6.25% 48
Robot Distractor
Communicative — Low Load 6.25% 48
Communicative — High Load 6.25% 48
Non-Communicative — Low Load 6.25% 48
Non-Communicative — High Load 6.25% 48
Total 100% 768

The experiment followed a 2 (Agent: Human vs. Robot) x 2 (Communica-
tiveness: Communicative vs. Noncommunicative) x 2 (Load: Easy vs. Hard)
within-subjects design. Across 10 blocks, each block consisted of 77 trials. Par-
ticipants completed trials from all eight experimental conditions in a distraction
presence task in a randomized order. Breaks were given between blocks. Fach
block lasted approximately 4.5 minutes, and participants had to press the space
button when they were ready to start the next block. Gaze data were recorded
via the EyeLink host computer, starting from the stimulus onset to the key press
entry from the participants. The fixation and saccade-related oculomotor activi-
ties were extracted from this gaze data. Total dwell time, dwell time per fixation,

first fixation onset, and saccadic velocity, pupil dilation were analyzed separately
in this 2 x 2 x 2 ANOVA design.

Raw eye-tracking data were recorded at 1000 Hz with an EyeLink 1000 Plus
(SR Research, Canada). We defined Areas of Interest (AOIs) for the central

search array and the peripheral agent video areas. From these AOIs, the fixations
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High-Load Condition

Distractor

Fixation

1000 ms to respond

1000 ms

1000 ms to reipond
4

1000 ms

Figure 2.1: Timeline of the experimental setup. The bottom arrow shows time,
and the chronology of the high-load blocks is displayed. At the beginning of
each trial, a white fixation point is presented for 1000 ms, and a target stimulus
is presented in one of the six pre-determined places around the black fixation
point. The participant has 1000 ms to detect and press a key according to their
detection. After a key press, the answer is recorded, and the next trial begins
with a white fixation point again. If the participant did not press a key or missed
the key, the trial ended in 1000 ms.

on distractors were analyzed by excluding the central main task AOI from the
analyses. We extracted five different variables for eye metrics: total dwell time,
dwell time per fixation, saccadic velocity, first fixation onset, pupil dilation, and

two behavioral metrics: reaction time and accuracy.

For trials including a distractor, we adopted a 2 (Agent: Human vs. Pep-
per robot) x 2 (Perceptual Load: Low vs. High) x 2 (Communicativeness:
Communicative vs. Noncommunicative) within-subject repeated measures de-
sign. This yielded eight experimental conditions: Human-Low-Communicative,
Human-High-Communicative, Human-Low-NonCommunicative, Human—High-

NonCommunicative, Robot—Low-Communicative, Robot—High-Communicative,
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Low-Load Condition

Distractor

Fixation

1000 ms to respond

1000 ms
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1000 ms

Figure 2.2: Timeline of the experimental setup. The bottom arrow shows time,
and the chronology of the low-load blocks is displayed. At the beginning of each
trial, a white fixation point is presented for 1000 ms, and a target stimulus is
presented in one of the six pre-determined places around the black fixation point.
The participant has 1000 ms to detect and press a key according to their detection.
After the key press, the answer is recorded, and the next trial begins with a black
fixation point again. If the participant did not press a key or missed the key, the
trial ended in 1000 ms.

Robot-Low-NonCommunicative, and Robot—High-NonCommunicative. In addi-
tion to these conditions, the experiment included baseline trials where no distract-
ing agent was present. These baseline trials were analyzed separately to assess
task performance (i.e., accuracy and reaction time) as a function of perceptual

load alone.

All statistical analyses and visualization were conducted in R (Version 4.5.0; R
Core Team, 2025), primarily using the ez, tidyverse, rstatix, and patchwork pack-
ages. The primary analyses consisted of a series of 2 (Agent: Human vs. Robot)
x 2 (Communicativeness: Communicative vs. Noncommunicative) x 2 (Percep-
tual Load: Low vs. High) within-subjects repeated measures ANOVAs. These

were performed on several dependent variables, including total dwell time, dwell
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time per fixation, first fixation onset, saccadic velocity, and pupil dilation. Signif-
icant interactions were followed up with paired-samples t-tests with Bonferroni
correction. Additionally, separate paired-samples t-tests were used to analyze

accuracy and reaction time data from the baseline (no distractor) conditions.
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Table 2.2: Human and Robot Actions Noncommunicative Stimulus Set

Human Robot
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Human

Robot
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Table 2.3: Human and Robot Actions Communicative Stimulus Set

Human Robot
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Human Robot
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Chapter 3

Results

3.1 Fixation Counts

In distractor presence trials, the total number of fixations and the mean num-
ber of fixations per subject were calculated for all eight experimental conditions.

Summary of these statistics provided in the Table 3.3.

The highest number of fixations per subject was observed in the Human-
Communicative-Hard conditions (M = 9.28, SD = 14.44), whereas the lowest
mean scores were observed in Human-Communicative-Easy conditions (M = 6.69,
SD = 10.80). Descriptively, high-load conditions have a tendency to elicit more

fixations on distractors when compared to low-load conditions.

Descriptively, the highest mean number of fixations per subject was observed
in the Human-Communicative-Hard condition (M = 9.28, SD = 14.44), while the
lowest mean was observed in the Human-Communicative-Easy condition (M =
6.69, SD = 10.80). A general trend in the data suggests that high-load conditions

tended to elicit more fixations on the distractor compared to low-load conditions.

Descriptive analysis of fixation distribution across all trials was conducted to

understand the overall allocation of visual attention (see Table 3.2). The results
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Table 3.1: Total and Mean Fixation Counts Per Subject for Each Condition

Condition Total Fixations Mean Fixations  SD

Human-Communicative-Hard 269 9.28 14.44
Human-Communicative-Easy 194 6.69 10.80
Human-Non-communicative-Hard 241 8.31 12.42
Human-Non-communicative-Easy 239 8.24 12.48
Robot-Communicative-Hard 213 7.34 10.96
Robot-Communicative-Easy 223 7.69 12.33
Robot-Non-communicative-Hard 266 9.17 13.22
Robot-Non-communicative-Easy 203 7.00 11.51

show that participants directed the majority of their visual attention to the pri-
mary task. On average, 74.26% (SD = 14.52%) of all fixations were made on the
main letter search task, while the remaining 25.74% (SD = 14.52%) were cap-
tured by the peripheral distractors. This gap between the distributions indicates

participants primarily engage in the main letter search task; however, distractors

still can capture a substantial amount of overt visual attention in the experiment.

Table 3.2: Means of fixation numbers and their percentage scores across trials

Area of Interest Mean Fixation (Sd) Mean Percentage (SD)

Main Letter Search Task 1386.78 (438.79)
Distractors 503.06 (335.54)

74.26% (14.52%)
25.74% (14.52%)

3.2 Behavioral Results

3.2.1 Accuracy

As expected, the perceptual load manipulation strongly affected accuracy on

trials without a distractor. Participants were significantly more accurate in the
Low-Load condition (M = 0.95, SD = 0.03) compared to the High-Load condition
(M = 0.72, SD = 0.11). A paired-samples t-test confirmed this difference was

highly significant and represented a very large effect, t(33) = 11.3, p < .001,

Cohen’s d = 1.93.
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Accuracy in High-Load vs.Low-Load Conditions (No Distractor)
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Figure 3.1: Accuracy in no-distractor trials.

3.2.2 Effects of Distractors on Accuracy

Next, to understand the effects of the distractor’s social properties on accu-
racy, a 2 (Agent: Human vs. Robot) x 2 (Communicativeness: Communicative
vs. Non-communicative) x 2 (Perceptual Load: Low vs. High) within-subjects

repeated measures ANOVA was conducted.

There is a significant main effect of Perceptual Load, F(1, 33) = 41.69, p <

32



.001, where accuracy was higher in low-load trials. The main effects for Agent (p

= .646) and Communicativeness (p = .124) were not significant.

The three-way interaction was not significant, F(1, 33) = 0.09, p = .772.
However, the analysis revealed a significant two-way interaction between Com-
municativeness and Perceptual Load, F(1, 32) = 20.07, p < .001. This interaction
indicates that while accuracy was higher in the low-load condition for both action
types, this performance drop in the high-load condition was significantly bigger
for communicative actions compared to non-communicative actions.

Summary of Effects and Interactions for Accuracy
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Figure 3.2: Distractor Conditions on Accuracy Scores
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3.2.3 Reaction Time

A paired-samples t-test was conducted to compare mean reaction times be-
tween the Low-Load and High-Load conditions. The analysis revealed a statis-
tically significant difference, with participants responding significantly slower in
the High-Load condition (M = 0.73, SD = 0.05) than in the Low-Load condition
(M = 0.53, SD = 0.06), t(34) = -32.7, p < .001. This finding indicates that an

increase in perceptual load led to a significant increase in reaction time.

Reaction Time in High-Load vs.Low-Load Conditions
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Figure 3.3: Reaction time in no-distractor trials.
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3.2.4 Effects of Distractors on Reaction Time

Next, to understand how the presence of a distractor modulated reaction times,
a 2 (Agent: Human vs. Robot) x 2 (Communicativeness: Communicative vs.
Non-communicative) x 2 (Perceptual Load: Low vs. High) within-subjects re-

peated measures ANOVA was conducted.

There is two significant main effects. A large main effect of Perceptual Load
was found, F(1, 33) = 787.38, p < .001, confirming that reaction times were
significantly longer in high-load conditions. There was also a significant main
effect of Agent, F(1, 33) = 6.33, p = .017. The main effect of Communicativeness
was not significant (p = .135).

The analysis revealed that the three-way interaction was not statistically sig-
nificant (p = .482). However, two significant two-way interactions were found.
There was a significant interaction between Agent and Perceptual Load, F(1, 33)
= 11.38, p = .002, indicating that the effect of load on reaction times differed
between the human and robot agents. There was also a significant interaction
between Agent and Communicativeness, F(1, 33) = 4.29, p = .047, suggesting
that the effect of the action’s communicativeness on reaction times depended on

the agent’s identity.
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Summary of Effects and Interactions for Reaction Time
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Figure 3.4: Distractor conditions on Reaction Times

3.3 Eye-Tracking Results

3.3.1 Fixation Counts

The total number of fixations directed at the distractor and the mean num-
ber of fixations per subject were calculated for each of the eight experimental

conditions. Table 3.3 provides a summary of these descriptive statistics.
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Descriptively, the highest mean number of fixations per subject was observed
in the Human-Communicative-Hard condition (M = 9.28, SD = 14.44), while the
lowest mean was observed in the Human-Communicative-Easy condition (M =
6.69, SD = 10.80). A general trend in the data suggests that high-load conditions
tended to elicit more fixations on the distractor compared to low-load conditions.
To statistically test these observations, a 2 (Agent) x 2 (Communicativeness) X
2 (Perceptual Load) repeated measures ANOVA was performed on the fixation

count data.

Table 3.3: Total and Mean Fixation Counts Per Subject for Each Condition

Condition Total Fixations Mean Fixations SD

Human-Communicative-Hard 269 9.28 14.44
Human-Communicative-Easy 194 6.69 10.80
Human-Non-communicative-Hard 241 8.31 12.42
Human-Non-communicative-Easy 239 8.24 12.48
Robot-Communicative-Hard 213 7.34 10.96
Robot-Communicative-Easy 223 7.69 12.33
Robot-Non-communicative-Hard 266 9.17 13.22
Robot-Non-communicative-Easy 203 7.00 11.51

3.3.2 Total Dwell Time

To analyze participants’ total dwell time on the distractors, a 2 (Agent: Human
vs. Robot) x 2 (Communicativeness: Communicative vs. Non-Communicative)
x 2 (Perceptual Load: Low vs. High) within-subjects repeated measures ANOVA

was conducted.

A significant main effect of Perceptual Load was found, F(1, 33) = 21.39, p
< .001, indicating that, overall, participants dwelled longer on distractors during
high-load trials compared to low-load trials. The main effects for Agent (p =

.212) and Communicativeness (p = .764) were not statistically significant.
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Furthermore, the ANOVA yielded a significant two-way interaction between
Agent and Communicativeness, F(1, 33) = 16.38, p < .001, which is qualified by
the superordinate three-way interaction described above (See Graph 3.5 Panel
D.). The other two-way interactions were not significant (Agent x Perceptual

Load, p = .235; Communicativeness x Perceptual Load, p = .498)

Finally, the analysis revealed a statistically significant three-way interaction
between Agent, Communicativeness, and Perceptual Load, F(1, 33) = 12.10, p
= .002. To interpret this complex interaction, the simple two-way interactions at
each level of Perceptual Load were examined. Under Low Load, there was no sig-
nificant interaction between Agent and Communicativeness. However, under High
Load, an interaction emerged: participants’ dwell time was significantly longer for
communicative actions from the human agent compared to non-communicative
actions. Conversely, for the robot agent, this pattern was reversed, with com-
municative actions eliciting shorter dwell times than non-communicative actions
(See Graph 3.5 Panel E.).
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Dwell Time: Main Effects and Significant Interactions
A: Main Effect of Agent B: Main Effect of Communicativeness C: Main Effect of Load

—_—
10000 10000 10000

7500 7500 7500

5000 5000 5000
2 — =

2500 2500 2500

Dwell Time (ms)

0 0 0

Human Robot ¢ N Low-Load High-Load

D: Agent x Communicativeness Interaction E: Agent x Communicativeness x Load Interaction

Low-Load I [ High-Load

10000 10000

7500 7500

5000 ?//{ 5000 /

0

Dwell Time (ms)

2500 2500

Human Robot Human Robot Human Robot

Agent Agent

Communicativeness c * N

Figure 3.5: Panel A. Main effects of Agent, Panel B. Communicativeness and
Panel C. Perceptual Load, Panel D. Significant Interaction Between Agent x
Communication, Panel E. Significant Interaction Between Agent x Communica-

tiveness X Perceptual Load

3.3.3 Dwell Time Per Fixation

To analyze the mean dwell time per fixation on distractors, a 2 (Agent: Human
vs. Robot) x 2 (Communicativeness: Communicative vs. Non-communicative)

x 2 (Perceptual Load: Low vs. High) repeated measures analysis of variance
(ANOVA) was conducted.

The analysis did not reveal a significant main effect for Agent, F(1, 33) = 1.01,
p = .324, Communicativeness, F(1, 33) = 0.38, p = .540, or Perceptual Load,
F(1, 33) = 151, p = .230.

Furthermore, no significant interactions were found. The three-way interaction

between Agent, Communicativeness, and Load was not significant, F(1, 33) =
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0.94, p = .340. None of the two-way interactions reached significance: Agent X
Communicativeness, F(1, 33) = 0.60, p = .445; Agent x Load, F(1, 33) = 2.03,
p = .166; and Communicativeness x Load, F(1, 33) = 0.58, p = .453.

In summary, these findings indicate that the mean duration of a single fixation
on a distractor was not significantly influenced by the agent’s type, communica-

tiveness, the level of perceptual load, or any combination of these factors.

Dwell Time per Fixation: Main Effects and 3-Way Interaction

A: Main Effect of Agent B: Main Effect of Communicativeness C: Main Effect of Load
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Figure 3.6: Dwell Time Per Fixation: Panel A. Main effects of Agent, Panel B.
Communicativeness and Panel C. Perceptual Load, Panel D. Agent x Commu-

nicativeness X Perceptual Load

3.3.4 First Fixation Latency

To analyze the first fixation onset time on the distractors, a 2 (Agent: Human

vs. Robot) x 2 (Communicativeness: Communicative vs. Non-communicative)
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x 2 (Perceptual Load: Low vs. High) repeated measures ANOVA was conducted.

The ANOVA results yielded a significant main effect of Perceptual Load, F(1,
33) = 144.15, p < .001. This indicates that, overall, participants were slower to
fixate on the distractor during high-load trials compared to low-load trials. The
main effects for Agent, F(1, 32) = 2.77, p = .106, and Communicativeness, F(1,
33) = 2.50, p = .124, were not statistically significant.

Furthermore, the analysis revealed that the three-way interaction was not sig-
nificant, F(1, 33) = 0.01, p = .978. However, there was a significant two-way
interaction between Communicativeness and Perceptual Load, F(1, 33) = 13.27,
p < .001. Simple effects analysis was performed to break down this interaction.
Under Low Load, there was no significant difference in fixation onset time be-
tween communicative and non-communicative actions. In contrast, under High
Load, communicative actions led to significantly faster fixation onsets compared
to non-communicative actions. This suggests that the attention-capturing advan-
tage of a communicative action only emerges under high cognitive demand. The

other two-way interactions were not significant.
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First Fixation Onset: Main Effects and Interactions

A: Main Effect of Agent B: Main Effect of Communicativeness C: Main Effect of Load
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Figure 3.7: First Fixation Latency: Panel A. Main effects of Agent, Panel B. Com-
municativeness and Panel C. Perceptual Load, Panel D. Significant Interaction
Between Communicativeness X Perceptual Load, Panel E. Agent x Communica-

tiveness X Perceptual Load

3.3.5 Saccadic Velocity

A 2 (Agent: Human vs. Robot) x 2 (Communicativeness: Communicative vs.
Non-communicative) x 2 (Perceptual Load: Low vs. High) repeated measures

ANOVA was conducted on mean saccadic velocity to the distractors.

There was a significant main effect of Agent, F(1, 33) = 5.53, p = .029, in-
dicating that saccadic velocities differed depending on whether the agent was a
human or a robot. Additionally, a highly significant main effect of Perceptual

Load was observed, F(1, 33) = 26.99, p < .001, showing that saccade speeds were
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modulated by task difficulty. The main effect of Communicativeness was not sig-
nificant, p = .329. These findings suggest that saccadic velocity is independently
influenced by the agent’s type and the ongoing perceptual load.

Furthermore, none of the two-way or three-way interactions reached statistical
significance (all ps > .05), including the Agent x Perceptual Load interaction,
which was marginally non-significant, F(1, 33) = 4.15, p = .054.

In summary, these results indicate that the mean saccadic velocity was not
significantly influenced by the agent’s type, the action’s communicativeness, the

level of perceptual load, or any combination of these factors.

Saccadic Velocity: Main Effects and 3-Way Interaction

A: Main Effect of Agent B: Main Effect of Communicativeness C: Main Effect of Load
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Figure 3.8: Saccadic Velocity on Perceptual Load : Panel A. Main effects of
Agent, Panel B. Communicativeness and Panel C. Perceptual Load, Panel D.

Agent x Communicativeness X Perceptual Load

3.3.6 Pupilometry

To assess cognitive effort, a 2 (Agent: Human vs. Robot) x 2 (Communica-
tiveness: Communicative vs. Non-communicative) x 2 (Perceptual Load: Low

vs. High) repeated measures ANOVA was conducted on mean pupil dilation.
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The ANOVA yielded a highly significant main effect of Perceptual Load, F(1,
33) = 37.54, p < .001, indicating that pupil dilation was, as expected, greater
in high-load conditions compared to low-load conditions. The main effects for
Agent (p = .170) and Communicativeness (p = .571) were not statistically sig-
nificant. Furthermore, the interaction between Agent and Communicativeness
was marginally non-significant, F(1, 33) = 3.54, p = .069. The other two-way

interactions were not significant.

The analysis did not reveal a significant three-way interaction (p = .323). How-
ever, a significant two-way interaction between Communicativeness and Percep-
tual Load was found, F(1, 33) = 4.41, p = .044. Post-hoc comparisons to explore
this interaction revealed that under Low Load, there was no significant difference
in pupil dilation between communicative and non-communicative actions. In con-
trast, under High Load, non-communicative actions elicited significantly greater
pupil dilation than communicative actions. This suggests that processing simple,
non-social cues required more cognitive effort than processing socially meaningful

actions when the main task was difficult.
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Pupil Dilation: Main Effects and Interactions

A: Main Effect of Agent B: Main Effect of Communicativeness C: Main Effect of Load
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Figure 3.9: Pupil Dilation: Panel A. Main effects of Agent, Panel B. Communica-
tiveness and Panel C. Perceptual Load, Panel D. Significant Interaction Between
Communicativeness X Perceptual Load, Panel E. Agent x Communicativeness X

Perceptual Load

3.3.7 Summary

To examine how the interaction between agent type (Human vs. Robot), com-
municativeness (Communicative vs. Non-communicative), and perceptual load
(High vs. Low) influences visual attention and cognitive processing, we analyzed
five key eye-tracking and behavioral metrics: dwell time per fixation, first fixation
onset, pupil dilation, saccadic velocity, and total dwell time. Across all metrics,
a three-way interaction (Agent x Communicativeness x Load) revealed nuanced

patterns (See Figure 3.10)

For first fixation latency, participants fixated faster on communicative human
distractors under low-load conditions, while under high-load conditions, onset

times were relatively similar across conditions. When cognitive resources are
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available, communicative actions take more sudden attention. Under both load
conditions, communicative distractors tended to elicit larger pupil dilation, par-
ticularly for human agents in high-load conditions. This pattern suggests greater
cognitive load or arousal in response to communicative behaviors, especially when
attention is already taxed. Saccadic velocity was generally higher in robot dis-
tractor conditions, especially under high-load and for non-communicative stim-
uli. This may reflect a more effortful or disengaged visual search pattern in these
cases.Communicative actions lead to significantly higher total dwell times in high
load conditions for the robot agent. These findings suggest that, when the task is
demanding, communicative actions performed by the robot can hold visual atten-
tion longer. Altogether, these results indicate that the agent type, communicative
intent, and perceptual load modulate attention. Communicative behaviors have
a stronger effect when cognitive resources are constrained, and robot distractors

draw prolonged attention under such conditions.

Three-Way ion (Agent x Communicati x Load) Across All Metrics
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Figure 3.10: The Agent x Communicativeness X Perceptual Load Interactions on
Total Dwell Time per Fixation, First Fixation Onset, Pupil Dilation, Saccadic

Velocity, and Total Dwell Time can be observed.
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Chapter 4

Discussion

This study aimed to examine how different types of agents (human vs. robot),
the communicative nature of actions (communicative vs. noncommunicative),
and perceptual load (low vs. high) influence visual attention using central let-
ter search tasks and peripheral distractor videos. Perceptual load theory is a
grounded, well-established theoretical framework used in attention literature,
and here we examined how socially meaningful distractors, such as humans and
robots, across different actions interfere with attention by depending on the dif-
ferent cognitive demands of the primary task. Nuanced contributions to the
interaction between perceptual load and socially relevant distractions were found
to have several key implications. Demonstration of the association between dif-
ferent processes of attention revealed nuanced contributions to the interaction

between socially meaningful distractions and perceptual load.

First, the initial orienting of attention, which is measured by first fixation
latency, is modulated by the demands of the tasks rather than the agent. The
significant interaction effect of communicativeness and perceptual load revealed
that communicative cues capture attention faster than non-communicative ones
if only the main task is hard (high-load). This can be explained by the fact
that the brain may prioritize efficiency by using socially meaningful stimuli as a

way to quickly analyze the peripheral distraction. The agent’s identity did not
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influence this initial eye movement, but the communicative nature of an action
and the difficulty of a man’s task indicate the deployment of attention. Thus,
the initial orienting did not influence the agent’s identity; the initial deployment
of the attention allocation is strongly modulated by task demands rather than

social meaning.

The more precise information during the gaze does not fully reflect the true
nature of eye movements, as the difference between each fixation can be huge; the
dwell time per fixation can be a good indication when it’s used in free-viewing
studies. But since here, the time constraints are fixed, it may fluctuate and
not be a reliable source for the studies that expect a rapid response from the
participants. Dwell per fixation did not reveal a significant effect, indicating that
the mean duration of a single fixation is not affected by communicativeness or
task difficulty. In a similar manner, saccadic velocity is independently influenced
by agent type and perceptual load, and complex interactions cannot be found,
which can be an indication of the straightforward effect of oculomotor mechanisms
overriding higher-order cognitive processes. By taking these results together, the
single eye movement parameters are susceptible to complex manipulation in this

study but they are robust in less complex metrics.

The analysis of Dwell Time per Fixation yielded no significant effects, sug-
gesting that the duration of a single glance is a stable, low-level mechanism not
modulated by the social context or task difficulty. Taken together, these results
suggest that while the parameters of a single eye movement can be influenced by
basic factors, they are robust against the more complex social manipulations in

this study, in stark contrast to metrics of overall engagement.

Total dwell time and pupil dilation were used to investigate how attentional
processes and task performance are key to understanding how higher social cog-
nition becomes evident in this study. The statistically significant three-way in-
teraction for total dwell time is the study’s most interesting finding. Given that
the duration of each fixation is stable, participants spend less time on the robot
performing communicative action, suggesting that a robot’s social inclusion un-

der high cognitive load may be confusing for participants, leading to attentional
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disengagement. The pupil dilation result helps us to understand these processes
better. Pupils are more dilated in non-communicative actions under high load
than in communicative actions. This intriguing finding may imply that socially
meaningful communicative action might be processed more efficiently than the
ambiguous, almost like mimicking actions like drinking or driving. Because in the
communicative actions, the action is performed for the participants, whereas in

the non-communicative actions, actions mimic (pantomime) the original actions.

4.1 Comparison of Hypotheses and Results

H1: High load leads to slower RT, lower accuracy, and more fixations on dis-
tractors. As predicted, Perceptual Load showed a strong and significant main
effect on both behavioral measures (RT, Accuracy) and nearly all eye-tracking
metrics (Total Dwell Time, Saccadic Velocity, First Fixation Latency, Pupil Di-

lation).

H2: Human distractors create a greater distractor effect than robots (slower
RT, lower accuracy, more/longer fixations). This hypothesis was largely not
supported as a main effect. A significant main effect of Agent was found only
for Reaction Time and Saccadic Velocity. However, there was no main effect on
the critical metric of Total Dwell Time, suggesting the agent’s influence primarily

emerged through interactions with other factors.

H3: Communicative actions attract more attention than non-communicative
ones. The Communicativeness factor did not have a significant main effect on

any metric. Its influence was only observed in interaction with other factors.

H4: High load reduces distractors processing, especially for robot agents. This
interaction was significant for Reaction Time only. It was not observed in the
eye-tracking metrics, indicating the hypothesis was only partially confirmed at

the behavioral level.
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H5: Under low load, communicative distractors have a greater effect. This
interaction was significant for First Fixation Latency, Pupil Dilation, and Ac-
curacy. However, the pattern was the opposite of what was hypothesized: the
distinct effect of communicative cues emerged when the task was difficult (high
load), not when it was easy. This is one of the most interesting findings of the

study, with a contribution to the literature.

H6: The ” Human-Communicative” condition attracts the most attention. This
interaction was significant for Total Dwell Time and Reaction Time. Under high

load, the hypothesis was supported for the human agent.

4.2 Limitations and Future Directions

These findings should be interpreted in light of some limitations. The actions
on the screen are displayed for one second due to a framing issue when the actions
are completed in two seconds. For most of the actions, the initial intention of the
actions can be understood in one second, but we cannot control how participants

perceive the actions as communicative or non-communicative.

The finding is specific to one type of humanoid robot (Pepper), and different
robots may elicit a different range of anthropomorphism levels; the nature of the
action is constrained by Pepper’s ability to move. Future research may explore
the effects of spectrum through the human and robot by the usage of mechan-
ical industrial robots to more humanoid robots. Controlled laboratory settings
may change the dynamics of attention, and distraction may occur differently in
real-world settings since visual perception is not the only medium for perception.
Future research could explore these factors in more naturalistic settings. Fa-
miliarity, emotional valence, or unpredictability of the distractor may modulate
the attentional capture. Incorporating subjective measures can be used for the
psychological mechanism of the social presence of robots. In addition, adaptation-

based design may help to reveal whether attention to distractors diminished or
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increased with repeated exposure to a stimulus. Future research may use a dif-
ferent object, also adding different eye metrics, such as where the first fixation
of the eye occurs and when, which can be important in order to understand if

participants quickly regress into one area of interest and stay in that AOI or not.

4.3 Conclusion

These findings have important implications for theory, but it is also important
for the practice. In theory, the multi-stage attention supports and demonstrates a
dissociation between early and later mechanisms of attention. All results, except-
ing dwell time per fixation, aligned with the Perceptual Load Theory originally
suggested by Nili Lavie [11]. Results are consistent and powerful in terms of the
main effect of perceptual load across behavioral and eye metrics. Under cognitive
strains, the processing of the communication of an action has a different nature
than the human encounters. A speculation can be made by the anthropomorphic
cues, because there is an interesting finding about the robot’s communicative
actions under a highly loaded context, which can be a source of conflict rather

than a helpful social signal.
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Appendix A

Data and Code

All data can be accessed through the link (https://osf.io/q7jwv/?view,nly =
9de897 91 f2446179¢ f636920a9bb661 ) [ Accessed June23th, 2025]
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